METHODS FOR TRADE DECISION MAKING 

Cross-reference to Related Application 

This application claims priority to U.S. Provisional Application No. 60/274,174, 
filed March 8, 2001. The contents of the above application are incorporated herein in their 
5 entirety by reference. 

Field of the Invention 

The subject invention is directed to trading on financial markets, in particular to 
methods of using real-time trading models to trade on foreign exchange markets. 

Background 

10 An exchange rate is the price at which one national currency can be exchanged for 

another. The most common currency value notion is the bilateral exchange rate (or simply 
the foreign exchange (FX) rate) quoted by an FX trader or reported by a quote vendor. 
This is a nominal exchange rate because it is the number of units of a currency offered in 
exchange for one unit of another (for example, 1.5 German marks for 1 US dollar). The 

15 spot exchange rate is a particular example of a nominal bilateral exchange rate, where 
the transaction takes place immediately. Another example is the forward exchange rate, 
where the price is agreed now but the transaction takes place in the future. An FX price 
is composed of two quantities: a price at which a bidder offers to buy (termed the bid 
price) and a price at which a seller offers to buy (the ask price). 

20 The bid and ask prices of major financial institutions are conveyed to dealers' 

screens by quote vendors such as Reuters, Telerate, or Knight Ridder. Deals are typically 
negotiated via telephone. The FX market operates globally and around the clock. Any 
market maker may submit new bid/ask prices at any time, and many institutions have 
branches worldwide, so that they can participate in continuous FX trading. 

25 Although the FX market operates continuously, individual traders or institutions 

generally participate in this market for only part of each day. There is thus a need for 
trading models that take take local business hours and holidays into account. 
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There is a need for trading models that offer real-time analysis of FX-rate move- 
ments and generate explicit trading recommendations. A clear distinction should be made 
between a price change forecast and an actual trading recommendation. A trading recom- 
mendation naturally includes some kind of price change forecast, but must also account 
5 for the specific risk profile of the dealer or user of the respective trading model. Another 
distinction is that a trading model must take into account its past trading history, while a 
price forecast is not biased by a position the trading model might be in. A trading model 
thus preferably goes beyond predicting a price change: it should decide whether a certain 
action has to be taken. This decision is subject to the specific risk profile, the trading 
10 history, and institutional constraints such as business hours. These different parameters 
can be integrated into the decision-making process and are important for constructing 
practical models for professional traders. 

There is a further need for models that follow the FX market and imitate it as 
closely as possible. These models should be based on data from continuous collection 
15 and treatment of FX quotes by market makers around the clock (up to 5000 non-equally- 
spaced prices per day for the German mark, or the euro, against the US dollar). In order to 
imitate real- world trading accurately, the models also should take into account transaction 
costs in their return computation, generally avoid trading outside market working hours, 
and avoid trading too rapidly. 

20 Summary 

A preferred embodiment of the subject invention comprises a system and method 
for operating a set of real-time trading models. An over-all system that utilizes the subject 
invention includes mechanisms for data collection, data validation, generation of trading 
recommendations, communication of these recommendations to user-agents, and graphical 
25 presentation of these recommendations on the user-agents. 

A preferred trading model is based on a set of indicator computations combined 
with a collection of rules. The former are functions of the price history. The latter 
determine the applicability of the indicator computations in generating trading recom- 
mendations. 

30 A preferred embodiment comprises a method of trading assets on a market, com- 
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prising the steps of: (1) receiving price data for an asset over one or more computer 
networks; (2) receiving current system position information; (3) storing the received as- 
set price data and current system position information in a computer- readable medium; 
(4) calculating trade recommendation information from each of one or more trading sub- 
5 models, wherein each sub-model is based on a different time horizon, the calculation based 
on the received asset price data; and (5) calculating a trade recommendation regarding the 
asset based on the trade recommendation information from each of the trading sub-models. 
In this embodiment, each sub-model has its own indicator. 

A further preferred embodiment comprises a method of trading assets on a market, 
10 comprising the steps of: (1) receiving price data for an asset over one or more computer 
networks; (2) receiving current system position information; (3) storing the received as- 
set price data and current system position information in a computer-readable medium; 
(4) calculating trade recommendation information from each of one or more trading sub- 
models, wherein each sub-model is based on a different time of day, the calculation based 
15 on the received asset price data; and (5) calculating a trade recommendation regarding the 
asset based on the trade recommendation information from each of the trading sub-models. 
In one version of this embodiment, 24 sub-models are used. In another version, each sub- 
model further comprises a pair of sub-models, each pair consisting of a trend-following 
sub-model and a contrarian sub-model. 

20 A further preferred embodiment comprises a method of trading assets on a market, 

comprising the steps of: (1) receiving price data for an asset over one or more computer 
networks; (2) receiving current system position information; (3) storing the received asset 
price data and current system position information in a computer-readable medium; (4) 
calculating trade recommendation information from each of one or more trading sub- 

25 models, wherein each sub-model is based on the view and actions of one group of traders 
in the asset and is further based on its own time horizon, the calculation based on the 
received asset price data; and (5) calculating a trade recommendation regarding the asset 
based on the trade recommendation information from each of the trading sub-models. In 
this embodiment, the step of calculating trade recommendation information from each 

30 of one or more trading sub-models comprises, for each sub-model, the following steps: 
(1) calculating a suitable main indicator for the sub-model, which after application of a 
nonlinear discretization function provides a first raw gearing; (2) calculating a frequency 
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indicator; (3) calculating a channel indicator; (4) computing a weight to be applied to the 
raw gearing; and (5) computing a final gearing by multiplying the weight times the raw 
gearing and then discretizing the product. 

In each of these embodiments, each sub-model preferably comprises: (1) a price 
5 collector component; (2) a price filter component; (3) a price database component; (4) 
a gearing calculator component; (5) a deal acceptor component; and (6) a book-keeper 
component. This overall structure and data-flow of a preferred trading model is depicted 
in FIG. 1. 

Brief Description of the Drawings 

10 FIG. 1 depicts a data flow and structure diagram of preferred trading model 

software. 

FIG. 2 depicts an example of a total return curve over three periods: in-sample, 
out-of-sample, and ex ante. 

FIG. 3 depicts the USD-DEM autocorrelation function of the price changes (with 
15 sign) with lags in units of 1 day in physical time up to a lag of 100 days. 

FIG. 4 depicts the USD-DEM serial correlation conditional to volatility. 

FIG. 5 depicts the intra-day USD-DEM serial correlation conditional to volatility. 

FIG. 6 depicts a scatter plot of Sx^^ along the x-axis against &£ ne xt along the 
y-axis for the bin corresponding to the maximum positive correlation in FIG. 4. 

20 FIG. 7 depicts a preferred structure of a customized trading model: sub-model 

and main model. 

FIG. 8 depicts sub- mo del-related steps of a preferred embodiment. 

Detailed Description of Preferred Embodiments 

At the most general level, a preferred trading model comprises a set of indica- 
25 tor computations combined with a collection of rules. A detailed description of typical 
indicators is provided below; indicator computations provide an analysis of past price 
movements. The indicators are mapped into actual trading positions by applying various 
rules. For instance, a model may enter a long position if an indicator exceeds a certain 
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threshold. Other rules determine whether a deal may be made at all, and the timing of a 
recommendation. Thus, indicator computations are based on price history, and a collec- 
tion of rules determines the applicability of the indicator computations to the generation 
of trading recommendations. 
5 Referring to FIG. 1, in computer software that comprises preferred trading model 

software, a price collector 110 collects price quotes from data feeds received over a com- 
puter network. A price filter 120 receives the collected price quotes and filters them in 
real-time, storing filtered price quotes in a price database 130 and sending them to a 
gearing calculator 140. A gearing calculator 140 specifies the recommended gearing (ex- 
10 posure size), based on indicator computations that depend on the received and filtered 
price quote data, trading rules that depend on past dealing history, current position, and 
other quantities such as current unrealized return of an open position. Software of pre- 
ferred embodiments uses the following gearings: -1, -0.5, 0, +0.5, and +1, corresponding 
to short with all of the available capital, short with half of the available capital, neu- 
15 tral, long with half of the available capital, and long with all of the available capital, 
respectively. The position is re-evaluated each time a new price quote arrives. 

A deal acceptor 160 validates the recommendations of the gearing calculator 140 
under the following conditions: (1) no deal may take place within fifteen minutes of a deal 
already having occurred, and (2) a stringent deal filter determines whether a given price 
20 is suitable for dealing. A stop-loss detector 150 triggers if the market moves in the wrong 
direction and passes a stop-loss price, causing a deal-to-neutral position. The stop-loss 
price can be adjusted dynamically. 

An opportunity catcher 170 searches for a realistic price at which to execute the 
deal, preferably in a time window of 2-3 minutes (depending on the currency). Then it 
25 executes a simulated deal and provides signals to a human dealer. A Book-keeper 180 
software module evaluates the trading model statistics. 

Imitating the real world requires a system that collects all available price quotes 
and that reacts in real-time to price movements. In a preferred embodiment of the subject 
invention, trading models use mainly Reuters data but other data suppliers provide similar 
30 information in their FX quotes. A preferred embodiment uses price quotes that have been 
collected, validated, and stored in a database. Each record or tick in the database contains 
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the following items: (1) the time tj in GMT (Greenwich Mean Time) at which the price 
quote has been recorded in the database; (2) the bid price pf d ; (3) the ask price pf k ; (4) 
the name of the bank that issued the price quote; (5) the location of the issuing bank; and 
(6) the result of a validation filter. 

The index j identifies individual database records. Reuters pages provide the bid 
price pf d as a complete number, usually with five digits; pf k is given with only the last two 
digits and is recomputed in full by software of a preferred embodiment. The granularity of 
the time stamps tj is 2 seconds. The validation filter information is preferably computed 
by the filtering algorithm described in the paper, Muller, U.A., Dacorogna, M.M., Olsen, 
R.B., Pictet, O.V., Schwarz, M., Morgenegg, C., Statistical study of foreign exchange rates, 
empirical evidence of a price change scaling law, and intraday analysis. Journal of Banking 
and Finance, 14:1189 (1990) (hereinafter Muller 1990). 

In a preferred embodiment, trading models are each preferably associated with 
a local market that is identified with a corresponding geographical region. In turn, this 
region is associated with generally accepted office hours and public vacation days. The 
local market is assumed to be open at any time during office hours, which do not occur 
during a weekend or a public holiday. Disclosed trading models support the Zurich, London 
and Frankfurt markets, but it is straightforward to extend this set. Typical open hours for 
a model are between 8:00 and 17:30 local time, the exact times depending on the particular 
local market. 

Except for closing an open position if the price hits a stop loss limit (described 
below)), a preferred model does not deal outside open hours or during holidays. Note: in 
this description, we speak of a trading model "dealing," or "entering a new position," but 
preferred trading models do not deal directly (that is, without human intervention), but 
instead provide trade recommendations to a human dealer. 

A preferred embodiment of the subject invention comprises a system and method 
for operating a set of real-time trading models. These include data collection, data valida- 
tion, generation of trading recommendations, communication of these recommendations to 
user-agents residing at customers and graphical presentation of these on the user-agents. 

The overall structure and data-flow of a preferred trading model is depicted in 
FIG. 1. 



Indicator computations form a central part of a preferred trading model, providing 
an analysis of past price movements. These indicators are mapped into actual trading 
positions by applying various rules. For instance, a model may enter a long position if 
an indicator exceeds a certain threshold. Other rules determine whether a deal may be 
made at all. Among various factors, these rules take the timing of the recommendation 
into consideration. 

A complete trading model thus consists of a set of indicator computations combined 
with a collection of rules. The former are functions of price history. The latter determine 
the applicability of the indicator computations in generating trading recommendations. 

The most significant item displayed to a user-agent is the model's present position 
or trading recommendation. Preferred trading models make gearing recommendations of 
S-1.0, S-0.5 (short positions), 0 (neutral), L+0.5 and L+1.0 (long positions). A gearing 
of S-0.5 means "go short with half the available capital." A gearing of S-1.0 means "go 
short with all of the available capital." 

Software of a preferred embodiment is not constructed as a single huge program 
with all the required functionality residing in that one entity. Rather it is constructed as a 
collection of separate programs. In computer-speak, the system is said to be a distributed 
system because the various programs run in parallel on several computers. 

Each such program preferably performs essentially one primary function. For 
instance, a program termed the GTrader takes in collected and validated price data and 
uses this data to produce trading model recommendations. (Several trading models may 
reside independently of one another within one GTrader invocation). Other programs in 
the system include a price collector for receiving data from the quote- vendors and a price 
database manager for storing this data for future use. Splitting up the system into several 
logical components confers several benefits : 

One benefit is that a failure in one program is localized and does not affect other 
programs in the system. This increases the overall reliability. For example, if a GTrader 
program should crash — hopefully, a rare occurrence but one which may happen as a 
result of hardware failure — collection of raw price data remains unimpaired. 

A second benefit is that if a computer should fail, the programs running on that 
computer may be transferred to another machine. Again, this promotes reliability. A third 



benefit is that the performance of the system may be enhanced by adding extra hardware 
and moving some existing programs onto the new hardware. Finally, a fourth benefit 
is that having separate programs perform logically distinct operations helps simplify the 
design and structure of the system. 

5 A gearing calculator lies at the heart of a preferred trading model. The gearing 

calculator provides the trading model with its intelligence and the ability to capitalize on 
movements in the FX markets. The gearing calculator also provides the trading model 
with particular properties. These include the frequency of dealing and the circumstances 
under which positions may be entered. 

10 In contrast, the other trading model components form a shell around the gearing 

calculator, providing it with price data, detecting whether the stop- loss limit is hit, and 
examining the trading recommendations made by the gearing calculator. The gearing 
calculator re-evaluates its position every time a new price tick is received from the quote- 
vendors. (As previously noted, a filter preferably validates each price quote beforehand, 

15 to eliminate outliers and other implausible data). 

The gearing calculator preferably comprises (a) a set of indicators that are pro- 
duced from the input price data (discussed in detail below); and (b) trading rules that are 
functions of the past dealing history, the current position, and other quantities (e.g., the 
current unrealized return of an open position). 

20 As the name suggests, an indicator provides a measure of whether a new position 

should be entered. Indicators are preferably analyzed by rules inside the gearing calcu- 
lator, to determine whether such a change of position should in fact take place. In the 
simplest form, an indicator crossing a predefined threshold may cause a rule to be acti- 
vated that in turn causes such a change in position to occur. Thus the relative values 

25 of the indicators signify internal trading recommendations that are subsequently refined 
through the application of various rules. Other, more complicated rules may modify the 
indicators' basic recommendations in additional ways: 

1. By inhibiting a recommendation produced by the indicators. For example, if the 
price movements since the previous deal are too small in either direction, an indicator 
30 recommendation to reverse the present gearing is suppressed. 
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2. By changing the indicator thresholds themselves. While the model is in a neutral 
position, such a rule may increase the threshold values. 

3. By choosing an opposite position to the one hinted at by the indicators. That is, 
by entering a "contrarian" position. (A contrarian position is long when prices are 
declining or short when prices are climbing). 

4. By imposing new stop-loss values. A smaller stop-loss may be established if the 
recommended position is contrarian. The stop-loss is reduced because a contrarian 
strategy is considered risky. 

The relative values of the indicators determine the gearing that should be used. 
That is, not only do the indicators determine the position to be entered (after subsequent 
transformation by the rules), they also determine the magnitude of the gearing to be used. 
As stated previously, preferred models employ half-integral gearings in the range -1.0 to 
1.0. 

Other trading model components supporting the gearing calculator preferably do so 
through a standardized interface. Newly developed gearing calculators can thus be placed 
into an existing trading model environment. In addition to embodiments discussed be- 
low, at least one preferred embodiment comprises three separate gearing calculators, each 
working with seven currencies (USD/DEM, USD/CHF, GBP/USD, USD/JPY, USD/ITL, 
USD /FRF and USD/NLG). These gearing calculators differ in their respective trading fre- 
quencies, risk profiles and other properties. Developing a new gearing calculator is thus 
akin to developing a new trading class while preserving the overall trading model struc- 
ture. This allows one to customize existing gearing calculators or to experiment with new 
ones. 

The fact that the gearing calculator's indicators and rules suggest entering a new 
position does not necessarily mean that the model will make such a recommendation. 
Whether it does or not depends on various secondary rules that then take effect. 

These rules are preferably comprised in a deal acceptor, which determines whether 
the deal proposed by the indicators is allowed to be made. The primary constraint is 
the timing of the proposed deal. First, no deal other than a stop-loss deal (discussed 
below) may take place within fifteen minutes of a deal already having occurred. This is 
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to prevent overloading a human dealer who may be following the models. Second, the 
gearing calculator may make a recommendation to enter a new trading position, but this 
recommendation can be followed only if the local market is open. 

The quality of the most recent price imposes another constraint. A stringent deal- 
filter determines if a given price is suitable for dealing. This is to ensure that recommended 
deals are made only with genuine prices rather than extraneous data. The deal acceptor 
permits a new deal only with a price passing the deal-filter. 

If the gearing calculator suggests entering a new position but the deal acceptor 
decrees otherwise, the suggestion of the gearing calculator is ignored. Eventually, when 
timing and other factors are right, the gearing calculator will suggest entering a new 
position and the deal acceptor will approve. 

Besides being passed on to a gearing calculator, the filtered price quotes are prefer- 
ably also sent to a stop-loss detector. 

The stop-loss detector triggers if the market moves in the "wrong" direction. If 
the model enters a trading position because it anticipates that the market will move in 
a certain direction, but in fact the market then moves the other way, the stop-loss price 
may be hit. 

A preferred trading model defines a stop-loss price when a position is entered. If 
the current price — that is, the most recent price — moves below the stop-loss price (for 
a long position) or above the stop- loss price (for a short position), the stop-loss is said to 
be hit. Hitting the stop-loss causes a deal to a neutral position to be made. In effect, the 
stop-loss prevents excessive loss of capital should the market go the wrong way. 

The stop-loss price may change when a new position is entered or as the current 
price changes (see below). The current stop- loss price is displayed to a user-agent. 

A stop-loss deal may occur at any time, even outside market hours. The assump- 
tion is that a position that is kept open outside market hours is handled by a colleague 
in the American or Far East markets who will deal appropriately if the stop-loss is hit. 
Should this happen, preferably no further change in position occurs until the local market 
opens once again. 

The concept of stop-profit is associated with that of stop-loss. The stop-loss price 
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starts to move in parallel with the current price once a trading model has achieved a 
potential profit (3% or slightly less) since entering the latest position. In other words, 
being in a situation whereby the model could realize such a gain by immediately entering 
a neutral position causes the stop-loss price to start moving. The difference between the 
stop-loss and current prices is kept constant as long as the current price continues moving 
in a direction that increases the potential profit of the open position. Thus, the stop-loss 
price moves as a ratchet in parallel with the current price. The stop price is allowed to 
move only during open hours. It is never adjusted when the market is closed. 

A preferred model then enters a neutral position if it detects prices slipping back- 
wards. This allows a model to save any profit it has generated rather than lose it when 
the market abruptly turns. This one- directional movement of the stop-loss price allows 
the model to capitalize on a price trend. 

A preferred trading model may thus make a deal recommendation in two distinct 
ways. One, the gearing calculator may make a recommendation that is subsequently 
authorized by the deal acceptor. Two, hitting the stop-loss price activates the stop-loss 
detector. 

Whichever way a deal comes about, the opportunity catcher is activated. The 
opportunity catcher manifests itself on a user-agent display as an eye-catching signal for 
the FX dealer to buy or sell according to the recommendation. 

While a dealer is actively dealing, the opportunity catcher in the trading model 
collects the best price with which to deal, either the highest bid price if going from a 
longer position to a shorter one or the lowest ask price if going from a shorter position to 
a longer one. This search for the best price lasts for two or three minutes depending on 
the currency, the assumption being that a quoted price has a useful lifetime of about two 
or three minutes even if it is superseded by later quotes. 

After the two- or three-minute search period, a second signal appears on the user- 
agent display signifying that the trading model has made a simulated deal using the best 
price found by the opportunity catcher. The FX dealer then concludes his deal-making 
activities and waits until the trading model produces another recommendation. 

Preferably, the opportunity catcher is not activated for a stop-loss deal occurring 
outside market hours. In such a case the trading model deals directly. A human trader 
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following the model should then make a corresponding deal for himself as quickly as 
possible. 

In a preferred embodiment, a Book-keeper makes simulated deals on behalf of the 
trading model. It keeps track of all deals that have been made and evaluates statistics 
demonstrating the performance of the trading model. 

An important variable used by a Book-keeper is the average price p paid for achiev- 
ing the current gearing. After a new deal with index t, this quantity depends on the type 
of transaction as follows: 
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where g t -\ and g t are the previous and current gearings, respectively, p t is the current 
transaction price, and p t -i the average price before the deal. In the initial case, when the 
current gearing is neutral, the average price p is not yet defined. 

The average price p is needed to compute a quantity central to a preferred trading 
model - the return of a deal: 



n = (g t -i - 9t) 



Pt 

Pt-i 



(2) 



There are deals with no returns: those starting from a neutral gearing, g t -i = 0, and those 
increasing the absolute value of the gearing while keeping its sign. In these cases, eq. (2) 
does not apply (whereas eq. (1) applies to all deals). 

Both of the above equations allow the computation of a set of other quantities 
that are important for the different trading rules and for the performance evaluation of 
the models and which are computed in the book-keeper. These are the following: 

• the current-return r c . This is the unrealized return of a transaction when the current 
position is off the equilibrium (g t ^ 0). If p c is the current market price required for 
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going back to neutral, generalizing eq. 2 yields the current-return, 

r c = 9t (^ - 1) (3) 

Pt 

the maximum return when open is the maximum value of r c from a transaction t to 
a transaction t + 1 reached during opening hours, 

the minimum return when open is the minimum value of r c from a transaction t to 
a transaction t + 1 reached during opening hours, 

the total return is a measure of the overall success of a trading model over a period 
T and is simply equal to, 



n 



Rt = J> ( 4 ) 



i=l 



where n is the total number of transactions that generated a return during the 
period T. The total return expresses the amount of gains made by a trader who 
would always invest up to his initial capital or credit limit in his home currency. 

the cumulated return is another measure of the overall success of a trading model 
wherein the trader always reinvests up to his current capital including gains or losses, 



n 



c T = n + r *) - 1 (5) 

This quantity is slightly more erratic than the total return. 

the maximum drawdown Dt over a certain period T — ±e — *o- ^ is defined as: 

D T = max( R ta - Rt b \ t 0 < t a < t b < t E ) (6) 
where R ta and R tb are the total returns of the periods from to to t a and t h respectively. 

the profit over loss ratio gives an idea of the type of strategy used by the model. Its 
definition is: 

Pt_ = N T ( r t | n > 0 ) ^ 
L T N T ( n | n < 0 ) 

where N T is a function that gives the number of elements of a particular set of 
variables under certain conditions during a period T. 
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The book-keeper can also compute other quantities, but they are not central to 
the invention. Another book-keeper function is to save the trading history of a particular 
model so it can be retrieved at any time by a user-agent. 

In a preferred embodiment, status and simulation messages axe issued as appro- 
5 priate to keep the FX dealer informed of the trading models' states and of any likely 
deals. 

Status messages typically give advance warning of the market opening or closing, 
or notification if the market is already closed. These messages also indicate whether the 
supply of raw price data from the commercial market quoters to the trading models has 
10 been disrupted for any reason. 

Simulation messages give advance notification of a probable deal. A deal is con- 
sidered to be probable if the market continues its present trend for half an hour or so. 

Preferred trading models are event-driven. This means that each model is prefer- 
ably implemented in terms of defined actions that are triggered when some external event 
15 occurs. An external event might be the receipt of a new price from the commercial quote- 
vendors, or it might be a timer event such as a local market opening or closing. 

This event-driven characteristic of the trading models suggests an implementation 
in terms of a data-flow paradigm. Reception of a new price or a timer event causes some 
defined actions to be triggered and these, in turn, cause other actions to be triggered. An 
20 action may, for example, be a calculation with a new input price, generation of a new 
trading recommendation, or the transfer of computed data to user-agents. This process 
continues recursively, one action triggering others, until all dependent actions are executed. 

Preferred trading models are therefore preferably implemented in a computer lan- 
guage (such as C++) that supports such a data-flow paradigm. 

25 An input stream to software of a preferred embodiment provides price data and 

other input in the form of variables being updated. Dependent expressions are then 
recursively evaluated before new price data is subsequently provided. 

In a preferred trading model environment, rules provide a way of ensuring that 
the separate components such as the opportunity catcher, deal-acceptor, simulation, and 
30 so on do not interfere with one another. For example, simulation is disabled while the 
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opportunity catcher is running. Such separation of activities is implemented in terms of 
meta-rules. These are rules that monitor the activity of the other rules and expressions 
within the trading model code. Depending on what is happening inside the trading models, 
the meta-rules set priorities of other rules thereby enabling or disabling other components. 
5 In short ? inclusion of meta-rules prevents the various trading model components from 
chaotically disrupting one another. 

As noted above, the indicators form a pivotal component of the gearing calculator 
and hence of the dealing decision process. An indicator is a function only of time and the 
price history. It summarizes relevant information of the past price movements in the form 
10 of a single variable. 

The indicator definition needs a time scale on which the price history is analyzed. 
The usual physical time scale t is inappropriate. For example, the market perceives a 
price history differently when it covers two working days in one case and two weekend 
days (Saturday and Sunday) in another, even if the price curves against t have the same 
15 form in both cases. A business time scale, related to business activity, is a better choice 
for analyzing price history. 

Changing the time scale can be viewed as an opportunity to introduce some of the 
"fundamentals" that are missing in conventional time series analysis. These fundamental 
economic variables certainly have an influence on price movements, but their individual 
20 and combined effects are difficult to isolate and thus to replicate. Their impact can be 
better seen, however, if one views price movements as indelible "footprints" left by these 
variables. A time scale based on price movements may therefore be used to capture the 
tracks left by economic factors. 

Conventional business-time scales are quite simple: they omit inactive periods such 
25 as weekends and count only the business hours. A subtler "modified business time" scale 

is achieved by expanding periods of high activity and contracting but not omitting periods 
of low activity. 

The 24 hour FX market indeed has periods of low activity (for example, the noon 
break in East Asia) and high activity (for example, when the European and American 
30 business hours overlap). In (Miiller 1990), a modified business time scale called $-time 
was introduced, modeling the daily and weekly fluctuations of FX activity. This $-time 
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is used in preferred embodiments of the subject invention as the time scale for indicator 
computations. 

The #-time model considers business activity in terms of statistical means of abso- 
lute price movements (a volatility measure). Hourly or daily FX transaction volume figures 
5 would be another alternative for measuring business activity, but such data is generally 
unavailable. The discussion in Dacorogna, MJVL, Miiller, U.A., Nagler, R.J., Olsen, R.B., 
& Pictet, O.V., A geographical model for the daily and weekly seasonal volatility in the FX 
market, Journal of International Money and Finance, 12(4), 413-438 (1993) (Dacorogna 
1993) argues for using price movements in a business time scale. 

10 FX activity exhibits distinct daily and weekly seasonal heteroskedasticity, which 

can be attributed to the changing presence of traders on the FX markets. The #-time 
model of a preferred embodiment defines the activity a(i) as the sum of three activity 
functions afc(t), corresponding to three sub-markets of the worldwide FX market that are 
geographically centered in East Asia, Europe and North America. More precisely, the 

15 Q>k(t) are functions of the time of day and of the day of the week (working day or weekend 
day). The $-time is the integral of a(t) over physical time t. 

When the three sub-markets model is used, hourly absolute price changes lose their 
seasonality when analyzed against $-time instead of t. 

In addition to the daily and weekly seasonal heteroskedasticity, FX prices also 
20 exhibit non-seasonal heteroskedasticity in the form of clusters of high or low volatility. 

The ??-time model of a preferred embodiment does not take these into account. Therefore, 

# has a regular pattern with a period of 1 week, and may also be determined for the future. 

It is calibrated so that one full week in #-time corresponds to one week in physical time t. 

Hence, it can be measured in the same units as t: seconds, minutes, hours, days, weeks or 
25 years. Further details on the modified business time $ can be found in (Dacorogna 1993). 

In a preferred embodiment, one trading model indicator is defined as a momentum 
— the difference of the current logarithmic middle price x and its moving average (MA) 
computed in i?-time: 

m x (A$ r ,<&) = x-MA x {A# r ,#), (8) 
30 where A$ r is the MA range, a measure related to the length of past time covered by the 
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MA. The moving average is a useful tool for summarizing the past behavior of a time series 
at any time point. An alternative definition (not used herein) of a momentum would be 
the difference of two moving averages with different ranges. 

A special moving average operator (described below) is used in a preferred em- 
5 bodiment. Among the MAs, the exponentially weighted moving average (EMA) plays an 
important role. Its weighting function declines exponentially with the time difference of 
past observations from the present. Sequential EM As along a time series are straight- 
forward to calculate with the help of a recursion formula; this is more efficient than the 
computation of differently weighted MAs. 

10 Although moving averages are well known for homogeneous time series (for in- 

stance, see Granger, C.W.J & Newbold, P., Forecasting Economic Time Se- 
ries (1977)), their formalism is much less developed for continuous time series, to which 
preferred embodiments of the subject invention are addressed. Tick-by-tick data is not 
equally spaced over time (neither t nor but can be interpolated in the time intervals 

15 between the price quotes. A preferred embodiment uses linear interpolation in ??-time as 
the interpolation method. In an alternative embodiments, the previous quote is taken as 
a function value for the whole interval. 

Through interpolation, a continuous time function #(#) is arrived at, for which the 
EMA is an integral: 

20 EMA x (A# r ,# c ) = j*" x(#) c«, (9) 

where c is the index of the current time series element and the range A# r is the center 
of gravity of the EMA weighting function. This EMA can be computed efficiently with a 
recursion formula: 

EMA x {Ati r ,ti c ) = ^ EMA x (A<d r: <d c _i) + (1 - jj) x c + (// - u) Ax c , (10) 

25 where Ax c is defined as x q Xq — ]_ . For a time series representing a function with all types 
of interpolation, 

{i = e~ tt = e ; (11) 
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where the time interval A# c is defined as # c — # c -i? an d 

„ = 1 - e " tt = }-Ji (12) 

a a 

This is valid under the assumption of linear interpolation between subsequent series ele- 
ments. If the function value within such an interval is assumed to be constant and equal 
5 to the preceding series element, then the recursion formula also applies by setting v — 1 
instead of equal to the right-hand side of eq. (12). 

Together with the recursion formulae, the initial EMA value must also be specified. 
There is usually no information before the first series element so it thus becomes the 
natural choice for the initialization: 

10 EMA X {^ T ^ X ) = x x • (13) 

The error made by this initialization declines by a factor e -(^-i?i)/At? r ^ p art Q f ^ e ^ ata 
must therefore be reserved to build up the EMAs, so that this error can be made small. 

The exponential weighting function with its steeply increasing form gives a strong 
weight to the recent past, which may contain noisy short-term price movement structures. 
15 These can lead to inaccurate trading signals. For this reason other, less-peaked MA 
weighting functions are often more successful. 

Different MA weighting functions can be obtained by repeated application of the 
EMA operator. The EMA operator yields a result of the same mathematical nature as 
its input: a time series. Because of this property, the EMA operator can be applied 
20 iteratively. The result at each stage is a moving average (MA) with a weighting function 
more complicated than a simple exponential function: 

= EMA(EMA^ 1 " 1 ^ ( Ai? r , i? c )) (14) 

where EMA^ (A# r , t? c ) = x c . The order of the EMA operator (how many times the 
simple EMA operator is applied) determines the kind of weighting applied to the past 
25 prices. 

In a preferred embodiment, the moving average is the mean of EMAs of different 
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orders: 

1 n 

EMA {m,n) ^ y- EMA$(A# r ,#) (15) 

x n-m + 1 x v 7 v 7 

This MA has a weighting function with the center of gravity at (m + n)At? r /2. The 
weighting function has the following properties: (l)a low weight for the most recent past; 
5 (2) a wide, plateau- like weight maximum at time points around the center of gravity (no 

sharp peak); and (3) a rapidly but smoothly declining weight for more distant times. 

The indicator is a momentum in the sense of eq. (8): 

7 * = V (x-EMAt> n) ), (16) 

where s(Atf r ,m, n) is a scaling factor. 

10 Trading signals are given when the indicator I x crosses over certain threshold 

values. There are two types of trading signals. The first type are trend signals. These are 
recommendations to follow the trend indicated by I x . Good threshold values are somewhat 
low so that trends can be detected relatively early. A "buy" signal is given when I x exceeds 
such a value, a "sell" signal when I x exceeds the corresponding negative value. 

15 The second type of trading signals are overbought /oversold signals. These are 

contrarian instructions - to stop following an old trend, or to take the opposite position. 
Good threshold values for these signals are high, at levels that are only exceptionally 
reached by I x . "Overbought" refers to high positive values, "oversold" to high negative 
ones. 

20 Preferred trading models use several threshold values of both types. Different 

threshold values are used in different situations, depending on the current position of the 
trading model and other internal variables of the decision-making process. Some trading 
signals recommend taking a new position with full gearing, others a new position with 
only half gearing, again depending on certain internal conditions of the decision- making 

25 process. In many cases, the decision- making process does not follow a trading signal 
because another decision rule has precedence, as discussed above. 

Trading models used in a preferred embodiment are designed for use in a real-time 
service. However, for testing purposes, for tuning the trading models and for producing 
statistics, a more stable, reproducible environment is required. Thus, preferred trading 
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models can be driven from a database of historical price data. That is, the defined actions 
are triggered as though they were being fed from a real-time stream. The trick here is to 
use the historical price database to form a stream of combined price and timer events. In 
other words, the timer events are simulated from the historical prices. 

5 This interchangeability between historical and real-time modes is invaluable for the 

trading model developer. Once a new gearing calculator has been produced, for example, 
the developer can test it using historical price data. Without making any code changes, 
he can then switch the trading model into real-time mode so that it then reacts to new 
price data as they become available. 

10 Optimizing trading models to have minimum overfitting is a difficult task. Over- 

fitting means building the indicators to fit a set of past data so well that they are no 
longer of general value: instead of modeling the principles underlying the price movement, 
they model the specific price moves observed during a particular time period. Such a 
model usually exhibits a totally different behavior or may fail to perform out-of-sample; 

15 that is, with data that was not used for the optimization process. To avoid overfitting 

during optimization, a good measure of the trading model performance is needed, and ro- 
bust optimization and testing procedures must be used. A strict division of the available 
historical data used in the different phases of optimization and testing is also important. 

The first step is to define a value describing the trading model performance in 
20 order to minimize the risk of overfitting in the in-sample period and also to be able to 
compare different trading models against one other. The performance of a trading model 
cannot be judged by its total return only; the relevant issue is the overall risk profile. We 
need a measure of the trading model performance that takes into account the following 
requirements: (a) the best total return; (b) a smooth, almost linear increase of the total 
25 return over time; (c) a small clustering of losses; and (d) no bias towards low frequency 
trading models. 

A measure frequently used to evaluate portfolio models is the Sharpe index. Un- 
fortunately, this measure neglects the risk due to unrealized losses while the model stays 
in one position. It also introduces a bias in favor of models with a low dealing frequency. 
30 Furthermore the Sharpe index is numerically unstable for small variance of returns and 
cannot consider the clustering of profit-and-loss trades. This measure clearly does not ful- 
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fill the above requirements. In the description below, we present a measure of the trading 
model performance that is risk-sensitive and indicates the stability of returns. 

As a basis of our risk-sensitive performance measure, a new trading model return 
variable R is defined to be the sum of the total return R (eq. (4)) and the non-realized 
5 current return r c (eq. (3)). The variable R is more continuous over time than R and 

reflects the additional risk due to non-realized returns. Its change over a test time interval 
At is termed Xa^ 

X At = R(t) - R{t~At) 7 where R(t) = R(t)+r(t) (17) 
We can make N independent observations of X&t within a total test period AT, where 
10 At = ^ (18) 

A risk-sensitive performance measure of the trading model comparable to the aver- 
age return can be derived from the utility function formalism of Keeney, R.L. , & RAJFFA, 
H., Decision with Multiple Objectives: Preferences and Other Tradeoffs 
(1976) (hereinafter Keeney 1976). In a preferred embodiment, we assume that the variable 

15 XAt is stochastic and follows a Gaussian random walk about its mean value X&t and that 
the risk aversion C is constant with respect to X& t . The resulting utility u{X& t ) of an 
observation is — exp(— CX&t), with an expectation value of u = u{X& t ) exp(C 2 cr^/2), 
where a\ t is the variance of XAt- This expectation of the utility can be transformed back 
to a variable termed the effective return: X e fj^ t — ~~ log(— w)/C. The following definition 

20 is obtained: 

X e // ; At = X At - C At (19) 

The risk term Ca\ t /2 can be regarded as a risk premium deducted from the 
original return. The variance is computed from the sample: 

°i* = J^j(^h-X 2 At ) (20) 

25 For a particular time horizon At, the variable X e ff^t is our new measure of trading 

model performance including risk. Unlike the Sharpe index, this measure is numerically 
stable and can differentiate between two trading models with a straight line behavior 
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( a At ~ ^) choosing the one with the best average return. Moreover, the definition 
given in eq. (19) gives the book-keeping details of a trade a smaller role than the Sharpe 
index because Xai a l so contains elements of the current return and is computed at regular 
time intervals At. 

5 The measure X e ff^ t still depends on the size of the time interval At. It is hard 

to compare X e ff At values for different intervals. The usual way to enable comparisons 
between different intervals is through annualization: multiplication by the annualization 
factor, AAt = 1 year/ At, 

(j 

X e ff^annAt ~ ^At Xeff At = X ~ 7T & At ( 21 ) 

10 where X is the annualized return, no longer dependent on A*. In the second term of the 
last form of eq. (21), we find the factor Aai^av Tn * s f actor nas a constant expectation, 
independent of At, if the return function R(t) is assumed to follow a Gaussian random 
walk in addition to a linear drift. For such a return function (our reference case), we 
introduce the condition that the expectation of X e ff Ann ^t must not depend on At. This 

15 condition is fulfilled only if the risk aversion C is constant, that is, independent of At. 

Annualized effective returns X ej gr ;arm , computed for different intervals At by eq. (21) with 
a constant C value, can therefore be directly compared. 

This measure, though annualized by eq. (21), still has a risk term associated with 
At and is insensitive to changes occurring with much longer or much shorter horizons. To 
20 achieve a measure that simultaneously considers a wide range of horizons, we introduce 
a weighted average of several X e ff yann computed with n different time horizons At^, and 
thus take advantage of the fact that annualized X e f / )(mn can be directly compared: 

Xeff = — nu^ — (22) 

where the weights W{ can be chosen according to the relative importance of the time hori- 
25 zons At{ and may differ for trading models with different trading frequencies. Substituting 
X e ff,ann by its expression (eq. 21), X e ff becomes 

X eff - X - - (23) 

where the variance of is computed with eq. 20 for the time horizon At % , and A % is the 
corresponding annualization factor (— lyear/Atj). Because of > 0, we have X e ff < X. 
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By empirically balancing risk and return of some test trading models, we found values 
between 0.08 and 0.15 to be reasonable for C. 

By adopting this new measure, we depart from the formal utility function theory 
defined by (Keeney 1976). That theory is based on the additivity of utilities, but in eq. 
5 (22), we average effective returns (which are non-linear functions of utilities). Nevertheless, 
we choose this definition because we do not see the utility of each horizon as a component 
of a meta-utility but rather as representing a typical segment of the market. If one of 
these segments endures a bad phase, its influence on the overall outcome need not be 
over-proportional, which would be the case if we kept the formalism of additive utilities. 

10 In the discussion of eq. (21), we have shown that the risk aversion C has no 

systematic dependence on the horizon A*$. However, dealers using a trading model might 
perceive differently the risks of various horizons. We might introduce special C values 
for individual horizons according to their trading preferences. However, we can achieve 
an equivalent effect by changing the weights which are already differentiated for each 

15 horizon. These weights reflect the importance of the horizons in terms of the risk sensitivity 
associated with each horizon. 

Specifically, in a preferred performance measure, a standard weighting function is 
used which determines the weights Wi and thus the relative importance of the different 
horizons: 

w(At) = ~ '(24) 

20 2 +{ l °SM%Fs) 

The weight maximum is set to a 90 days horizon in order to give sufficient importance to 
the short horizons compared with the long ones. This weighting function is designed to 
be applied to horizons Ati in a roughly geometric sequence. 

An approximately geometric sequence of n horizons Ati is chosen with the following 
25 construction. Once a testing period (full sample of size AT) has been established, it is 
divided by 4. If this division results in a time horizon longer than 2 years, then the result 
is divided by 2 and so on, until a horizon At\ strictly shorter than 2 years is reached. 
We limit this highest horizon because dealers usually close their books after one year and 
are less sensitive to return clustering on longer horizons. The next horizon is obtained 
30 by a division by 2 of the previous one and so on until a last horizon between 5 to 10 
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days is reached; this shortest horizon is then forced to be At n = 7 days. All horizons are 
truncated to full days. If there is no integer multiple of a resulting Ati that exactly covers 
the full sample, then the first analyzed interval at the start of the full sample is extended 
accordingly. The exact Ati values to be inserted in eqs. (23) and (24) are the results of 
5 eq. (18). 
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Table 1 : Typical results for the performance measure according to each 
horizon. The horizons Ati are given in days, the weights are 
normalized to one. 

To illustrate the effective return computation, Table 1 displays typical results for 
a preferred trading model for the German mark against the US dollar, tested on six 
and a half years (March 1986 to September 1992) of data. The analyzed horizons Ati, 
the weights W{. the variances of, the average returns X&t t i an d the annualized effective 
10 returns -X" e //,emn,At t (see eq. (21)) axe presented in Table 1. The average yearly return of 
this run is X = 22.65% and the effective yearly return (computed according to eq. 23 with 
C = 0.10) is X e ff = 14.91%. The yearly return is preferably reduced by a "risk premium" 
of about a third of the original value. 

In order to optimize and test trading models, available historical data is preferably 
15 split into three different periods. The first period is used to build up the indicators, the 
second one is for the optimization of the trading model parameters, and the third for 
selecting the best trading models. The continuously increasing data set collected from the 
quote- vendors is reserved for real-time (ex ante) testing. 

The build-up period generally contains more than ten years of daily data, which 
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is used to update long-term indicators. A few weeks of tick-by-tick data is also needed 
to build up short-term indicators. In the disclosed example, the end of that period is 1 
March 1986 for the USD/DEM, USD/JPY, GBP/USD and USD/CHF major exchange 
rates and 1 December 1986 for the USD/NLG, USD/FRF and USD/ITL minor exchange 
5 rates. 

To optimize the trading model parameters, a three-year in-sample period starting 
just after the end of the build-up period is used. We assume that three years of tick-by-tick 
data is sufficient to optimize the trading models. The end of the latter period is 1 March 
1989 for the major exchange rates and 1 December 1989 for the minor ones. 

10 The in-sample performance refers to the period for which the model is developed 

and optimized. Preferably, different formulae for computing the indicators, different trad- 
ing strategies, and different parameters are tested until the model is found to achieve the 
optimal return. This process involves thousands of simulation runs. To select the best 
parameter set, choose the solution in the parameter space that corresponds to the larger 

15 effective return. If different solutions with comparable returns are found, choose the so- 
lution that is not too sensitive to a small change of the parameter set. In some cases, a 
period of three years in-sample data is insufficient because some volatility clusters can be 
as large as the optimization period. 

Because extending the available historical tick-by-tick data is not possible, further 
20 restrictions are enforced on the choice of possible parameters. A solution is considered only 
if a similar cluster of good results exists for different FX rates at about the same place 
in the parameter space. This implies that various parameters must be scaled with the 
volatility of the individual FX rates in order to make them comparable between different 
rates. 

25 The result of the in-sample optimization process is a small set of diverse trading 

models sharing a high effective return. Only these models are analyzed in the out-of- 
sample performance test. The out-of-sample period covers the remainder of the historical 
data, from the end of the in-sample period until the end of September 1991. A trading 
model is considered to be valid if the in-sample and out-of-sample periods yield a similar 

30 quality. Otherwise, the model is rejected. To avoid overfitting problems, the out-of-sample 
results are never used to select between similar models. 
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Since these models were developed we can now test them on a significant ex ante 
period. (We term ex ante period a period of time that has never been used in conjunction 
with model development). 

A private investor may use a margin account to invest a multiple of his equity in 
5 the market. Such a leverage factor has an overriding impact on the total return. But 
the higher the leverage the higher too the risk of large draw- downs. Working with a high 
leverage factor may lead to margin calls during periods of draw-down, thus jeopardizing 
an investor's trading strategy. We have therefore developed our models without leverage. 
This should be borne in mind while evaluating the results. 

10 The most important performance measure is the effective return, as defined in 

eq. (23). While the total return may mask a considerable risk introduced by high volatility 
of return, the effective return is risk-sensitive: the higher the volatility of return the lower 
the effective return. In other words, high effective returns indicate highly stable returns. 

The maximum draw-down, defined by eq. (6), is also a significant performance 
15 indicator for a trading model user. It is the largest loss from a local maximum to a 

minimum of the total return curve within the test period. The maximum draw-down is a 
measure of risk, similar to the difference between the total return and the effective return. 

Another important performance measure is the profit/loss ratio, defined in eq. (7) 
to be the ratio between the total number of profitable deals and the total number of losing 
20 deals. The preferred models let profits run and cut losses early; they are almost always in 
an open position, and go neutral only in case of stop-loss or save profit. Such a strategy is 
bound to result in a lower profit /loss ratio than would be achieved by less active models. 

The first quality test of a new trading model is to compare the in-sample and 
out-of-sample performances. The performances in the two periods must be of nearly equal 

25 quality for it to merit further consideration. To receive sufficient statistical information, 
a model must be tested for an extended out-of-sample period and for many different time 
series. If the average out-of-sample performance is significantly smaller, it may mean 
that the model was overfitted. However, a much lower average volatility in the out-of- 
sample period can explain a reduced performance of the model, in that there are fewer 

30 opportunities for profitable trading. The performance difference, however, must not be 
too large. 
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An example of a total return curve over all three periods, in-sample, out-of- sample, 
and ex ante, is given in FIG. 2. The results of Table 2 (see end of this description) belong 
to the same example. 

Table 2 shows the in-sample period (1.3.86 to 1.3.89 for USD/DEM, USD/JPY, 
5 GBP/USD and USD/CHF, and 1.12.86 to 12.3.89 for USD/NLG, USD/FRF and USD/ITL), 
the out-of-sample period (1.3.89 to 1.10.91 and 1.12.89 to 1.10.91 respectively) and the 
ex ante period (1.10.91 to 4.9.92). The performance indicators shown are: the annual- 
ized return (X), the risk-sensitive return (XAte//), the maximum draw-down (D) over 
the sample, and the ratio of the number of profitable deals to the number of deals that 
10 resulted in a loss (P/L). 

In Table 2 we compare the in- sample, out-of-sample and ex ante performances of 
the preferred trading models. We observe that the average values of these quantities are 
similar to one another. This indicates the overall stability of our trading models and that 
the achieved profits do not result from model overfitting. 

15 The individual ex ante values do, however, vary. We attribute this variance to 

the relative short ex ante testing period. The USD/JPY model has also performed less 
adequately than the others. This is because of the relatively low volatility in USD/JPY 
trading over the ex ante testing period. 

In table 3, the performance of preferred trading models is compared to that of a 
20 more conventional 20-day moving-average model. Both models share the same environ- 
ment; they have the same opening hours, book-keeping rules and so on. They differ in 
the indicators and the rules on how to use these. The 20-day moving-average model uses 
the difference between the current logarithmic middle price and a conventional 20-day 
moving-average as its indicator, rather than eq. (16). In this simple model, the indicator 
25 threshold level is not varied and there are no overbought/oversold signals. 

The preferred trading models surpass the 20-day moving-average model in all re- 
spects: they produce much higher total returns and effective returns and, except for one 
rate, much lower drawdowns. 

When investing in equity, it is common practice to spread the risk over different 
30 stocks. The same strategy may also be applied for currency trading. For example, the 
volatility may suddenly decline in a particular market and it may then not be possible 
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to make any real money in this market for some period of time. We have tested such 
portfolios with a stable and equal capital distribution among the different models. The 
results (see Table 4) show clearly that the maximum drawdown and the drawdown period 
are significantly lower than those of the individual models. In line with portfolio theory, the 
5 portfolios with the lowest values (a little above 5% for the maximum drawdown and 22 (21) 
days for the draw-down period) are the ones comprising the most diversified currencies. 
At the same time these portfolios generate an impressive annualized return. Compared to 
the individual models, therefore, a portfolio achieves a more stable return with lower risk. 

A second preferred embodiment comprises a trading model, designated herein as 
10 Trading Model 60, or TM60, that uses different sub- mo dels, each with its own time horizon, 
thus modeling the views and actions of different trader groups or market components. 

In this second embodiment, preferred software supports general trading model 
functions such as opening hours, stop-loss and profit objective, and internal model per- 
formance bookkeeping including realistic transaction costs. TM60 is a genuine intra-day 
15 real-time model that analyzes every tick available from the market to construct its trading 
signals. 

Trading Model 60 is a mult i- horizon model. It is using three different sub-models 
simultaneously, each with its own time horizon. The idea behind this model structure is 
the hypothesis of a heterogeneous market with trader groups that differ in their views and 

20 actions in several respects, most notably in their time horizons. The trading model even- 
tually constructs its recommendation based on the view of all these components together. 
A preferred TM60 embodiment has three market components; the centers of gravity of the 
past analyzed by the model indicators are of 1 day, 4 days, and 16 days (measured in 
time, not just working days, as explained below). The trading model eventually constructs 

25 its recommendation based on the view of all these components together. 

Each sub- model has its own indicator. The indicator is constructed from the 
variable which is here a very short-term (range: a few seconds) exponential moving 
average (EM A) of the logarithmic middle price. This very short-term smoothing eliminates 
a large part of the short-term noise that can be attributed to the different buying/ selling 
30 intentions of the price quote suppliers. 

The indicator / is a "momentum", that is the difference between x and a specially 



28 



weighted moving average of x: 
I = x - EMA£ 2 ' 4) 

where is computed through the repeated application of the EMA operator, as 

defined and explained above (see equation (15)). The superiority of the EMA^ 2,4 ' which 
5 is neither a plain moving average nor an exponentially weighted one has been established. 

The time scale chosen for the EMA computations is #-time as defined above, in 
order to prevent the intra-daily seasonality of volatility from negatively affecting the trad- 
ing behavior. The depth of the past considered in the indicator computation corresponds 
to the time horizon of the sub-model. A normalized indicator is then computed, that is 
10 the indicator / is divided by the square root of its own long-term moving variance. 

This normalized indicator is the basis for constructing the sub-model signal. The 
signal of the sub-model flips its sign when the indicator crosses a break level. The break 
level is a small positive value for positive (buy) signals and the inverse negative value for 
negative (sell) signals. The absolute value of the break level is not constant: after each 
15 signal flipping, it is raised by a fixed amount, the "break penalty." Afterwards, it is fading 
with time, until a minimum level is reached. This mechanism ensures a certain adaptivity 
to market situations: the large number of signal flippings in certain sideways markets is 
reduced by the raising of the break level. 

As the microstructure of a market changes over the long term it is quite possible 
20 that the numerical values of the indicators may drift to a lower or higher numerical terri- 
tory. Because models tend to function on the basis of thresholds, this drift effect can cause 
models to become overactive or under- active. A preferred method of guarding against this 
is to normalize the raw indicators over their long-term average and to assign thresholds 
based on the statistical properties of the indicator distribution instead of absolute values of 
25 the raw indicators. For example, a raw indicator might be said to have crossed a threshold 
when it increases beyond a certain percentile of its long-term distribution. This effect is 
achieved by normalization. 

The sign of the signal is determined by the indicator breaks explained above. The 
magnitude of the signal is determined by other factors: 

30 • Signal freshness: the signal is strong when the indicator just crosses the break level; 
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it is weak when the indicator starts to move back to the opposite side. 

• Overbought /oversold: the signal is modulated to become weak when the current 
trend (since the last indicator break) has become exceptionally strong. 

• Spread correction: if the bid-ask spread is large (non- negligible) as compared to the 
5 (non- normalized) indicator RMS value, the signal is weakened; following this signal 

might lead to too high transaction costs as compared to the profit. This effect favors 
long-term sub-models over short-term ones. 

• Market condition: the signal is modulated to be weak when the market is a "noisy" 
sideways market. This is measured through a ratio of recent volatilities: the volatility 

10 of short-term price moves measured on a fine time grid, divided by the volatility of 

long-term price moves measured on a coarse time grid. A low ratio means a trending 
market with little noise. Statistical studies have shown that not only volatilities are 
persistent (clustered), but also their ratios. 

The modulation of the signal by these factors leads to a more flexible model behavior and a 
15 certain adaptivity to current market states and behaviors. The resulting sub-model signal 
summarizes the "opinion" of the sub-model or the corresponding market component. 

The joint TM60 signal is simply the sum of all sub- model signals. TM60 produces a 
trading recommendation (e.g., "go long +1.0", "go neutral", "go short -0.5") whenever the 
joint signal crosses over certain fixed threshold values. If the trading model environment 
20 forbids the production of a trading recommendation (e.g., overnight, outside the trading 
hours), there will be no trading recommendation, even if the level of the joint TM60 signal 
would imply one. 

The stop- loss and stop-profit mechanism of the trading model environment over- 
rides the trading recommendations of the normal TM60 algorithm. They constitute a 

25 "safety net" ; normal trading recommendations are much more frequent than those from a 

stop-loss or stop-profit. The profit objective value (3%) is similar to those of other trading 
models discussed above. The stop-loss value (1.8%) and especially the moving loss limit 
(the moving stop-loss after reaching the profit objective, 0.1%) are smaller than those of 
other models discussed above, leading to faster execution. These values are the same for 

30 all FX rates in the TM60. 
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A perfectly adaptive trading model that would constantly adapt its behavior ac- 
cording to some built-in analysis would be able to adapt to any FX rate, minor or major, 
EMS or non-EMS, and even to any financial price series. For such a model, no rate-specific 
model optimization would be needed; all FX rates would share the same, hard-wired pa- 
5 rameters. 

Trading Model 60 is adaptive to a certain degree but not perfectly. Therefore, it 
comes in three versions that share the algorithm but differ in some parameters: 

1. A version with a high transaction frequency for freely floating rates with high 
volatility and liquidity and low bid-ask spreads. Typical application: USD/DEM, 

10 DEM/JPY. 

2. A version with a stronger spread correction and other parameters leading to a lower 
transaction frequency. Typical application: minor rates and European DEM cross 
rates such as DEM/SEK. 

3. A version with longer horizons of the sub-models (4 days, 15.6 days and 61 days 
15 instead of 1 day, 4 days and 16 days), also with low transaction frequency, for all 

(not too minor) rates against the USD, except USD/DEM. Typical application: 
AUD/USD, USD/CHF. 

Preferably, careful optimization and testing procedures are maintained, so as to 
minimize the "overfitting" of models to particular rates and time periods. For the same 
20 reason, all FX rates have a TM60 parameter choice strictly following one of these three 
versions, even if it is possible to get a higher historical performance through another 
parameter fit. 

FIG. 3 depicts the USD-DEM autocorrelation function of the price changes (with 
sign) with lags in units of 1 day in physical time up to a lag of 100 days. The horizontal 
25 lines represent the 95% confidence interval of a Gaussian random process. Typical auto- 
correlation structure for price changes (with sign) for FX rates is shown. Note that 
the correlation of the price change with sign is well within the significance range. This 
correlation becomes significant only when analyzed conditional to volatility. 

A third preferred embodiment comprises a trading model, designated herein as 
30 model 70, that is based on the observation that although serial price changes are known 
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to be completely uncorrelated (see FIG. 3), one can see significant serial correlation if 
this is examined conditional to volatility. Work in this direction was first presented by 
Blake LeBaron in his paper LeBaron, B., Some relations between volatility and serial 
correlations in stock market returns, 65 Journal of Business 199 (1992). Model 70 uses 
5 triplets, (vol(M), &j ast (J?) : Sx nex ^ (if)), each triplet being calculated at regular intervals 
of a basic grid interval £, in physical or # time. Here ^} ag t an( i ^next are P r * ce changes 
(with sign) over some horizon H (measured as an integer multiple of t) and vol is the 
volatility measured as a mean of the absolute log price change; the mean being taken over 
the last M (for memory) consecutive observations of log price change over the basic grid 
10 interval t. 

FIG. 4 depicts the USD-DEM serial correlation conditional to volatility. The 
volatility is measured as the mean daily price change over 15 days and the correlation 
(solid curve) is measured between the previous 28 day price change against the future 1 
day price change. The corresponding unconditional correlation (horizontal solid line) is 

15 positive but barely above its 95% significance level (short-dashed line). The conditional 
correlation for low volatility is clearly well above its significance level (long-dashed curve) 
as well as the unconditional correlation. Results are based on daily interpolated prices at 
18:00 GMT from 1973 to 1993 (excluding weekends and holidays). Each volatility bin in 
the analysis was chosen to contain 500 pairs. The dotted curve gives the percentile level of 

20 the mean volatility of each bin. Typical conditional correlation seen for FX rates is shown. 

Note how the conditional correlation is clearly positive at low volatility and negative at 
high volatility and in both cases higher than the unconditional correlation. 

FIG. 5 depicts the intra-day USD-DEM serial correlation conditional to volatility. 
The volatility is measured as the mean over 12 consecutive price changes of 1.5?? hours, 

25 and the correlation (solid curve) is measured between the price change over the last 36 i? 

hours and the price change over the next 1.5?? hours. The corresponding unconditional 
correlation (horizontal solid line) is barely but significantly positive (compare with the 
short-dashed line representing the 95% significance level). Results are based on data 
from 1973 to 1993. Each volatility bin in the analysis was chosen to contain 500 pairs. 

30 The dotted curve gives the percentile level of the mean volatility of each bin. Typical 

conditional intra-day correlation seen for FX rates is shown. Note that the clear signal of 
a volatility conditional non-linearity as seen in FIG. 4 is absent. 
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The collection of triplets is then sorted by volatility and the subset of first n price 
change pairs of the sorted list are then examined for their correlation. This exercise is 
repeated for every consecutive set of n pairs in the sorted list. As we glide down the list, 
the mean volatility of the subset of n triplets increases. The relation between the mean 
5 volatility of a bin and the corresponding price change correlation is shown graphically in 
FIG. 4. The main message of FIG. 4 is that there is significant positive correlation 
in serial price changes in the low volatility regime, and marginal anti- correlation in the 
extreme high volatility regime. 

Note that FIG. 4 corresponds to a series with a basic grid interval of 24 hours 
10 in business time (skipping weekends and holidays). Such a series is characterized by a 
specific hour of the day at which the price changes are reported (the price change being 
with respect to the same hour the previous working day). FIG. 5 shows the corresponding 
analysis for a basic grid interval of 1.5 hours in # time. Such a series is not characterized 
by any specific hour of the day. One postulate for the poor signal in FIG. 5 is that market 
15 microstructure changes with the proportion of traders of different horizons. Every time one 
of the three international markets (America, Asia and Europe) opens, it brings its own mix 
of trading profiles (particularly trading horizons), and every time it leaves, it depletes the 
market correspondingly. This effect can significantly distort the volatility definition used 
for sorting the triplets. Volatilities which may be regarded as low under certain market 
20 mixes may be numerically high when compared to other mixes of traders. Neighboring 
entries in the sorted data therefore will not uniformly correspond to equivalent market 
conditions with regard to volatility and this will destroy the signal. On the other hand 
FIG. 4, based on a series characterized by a specific hour of the day, always refers to a 
price change corresponding to one complete cycle of microstructure fluctuations. 

25 The results above indicate the existence of a lucrative non-linear signal that may 

be exploited by trading models. The statistical research could have been continued in 
its pure form and refined in many ways. In particular, investigations could have been 
extended to search a function space of volatility definitions that would most accentuate 
the effect. An even more ambitious front would have been to find volatility definitions 

30 corrected for intra-day microstructure fluctuations so that the effect (now missing in FIG. 
5) would also begin to show in the intra-day regime. 



33 



FIG. 4 implies that there is a trend in the low- volatility regime and a direction 
change in the extreme high- volatility regime. This motivates the creation of 2 kinds of 
trading models, one with a trend- following strategy and one with a contrarian strategy. 
From the statistical investigation we know that, for the best effect, the models must be 
5 based on a basic grid size of 24 hours of business time (and therefore characterized by a 
specific hour of the day, as is FIG. 4). Such models will necessarily suffer from one bad 
side effect: they would not be truly high-frequency data models and would therefore give 
trading recommendations at the same hour of each day. 

The "trading model incarnation" of the effect captured in FIG. 4 is to have a 
10 model with the following attributes: 

1. A volatility F(M), measured as the mean daily price change over M (memory) days. 
(Normalized by the scaling law price change for 1 day). 

2. A direction D(H), measured by the price change (with sign) over H (horizon) days. 
(Normalized by the scaling law price change over H days). 

15 3. A volatility threshold value v, below which a volatility is regarded as low in a trend- 

following model and above which volatility is regarded as high in the contrarian 
model. 

4. A direction threshold value <i, which the absolute value of the direction measure 
must exceed in order to regard the sign of the direction measure as a solid indicator 
20 of direction. 

FIG* 6 is a scatter plot of £#i as t along the x-axis against 5^ ne xt a l° n g the y-axis 
for the bin corresponding to the maximum positive correlation in FIG. 4. It is clear 
that the distribution of points is biased in favor of the odd quadrants (as a positively 
correlated set with null mean should). Note however that this effect can be drastically 
25 accentuated if the points within the vertical lines are ignored. Item 4 above is motivated 
by this observation. 

Referring to FIG. 6, as expected for a positively-correlated set of numeric pairs, 
the scatter is biased toward the odd quadrants. The bias can be accentuated by fur- 
ther eliminating data within the vertical lines. Model 70 exploits this effect through its 
30 parameter d, which represents the width between the vertical lines. 
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The trend-following model must have V(M) < v, and the contrarian model must 
have V{M) > v in order to take a position. In addition, both models must satisfy the 
condition \D(H)\ > d (in keeping with item 4 in the list above) to take a position. The 
position taken is the same as the sign of D{H) for the trend-following model and opposite 
5 to the sign of D(H) for the contrarian model (where + is long and — is short). 

The simple structure of the model makes it an ideal tool for investigating market 
components in terms of memory M and more significantly the horizon H. The actual 
parameter space investigated for these models is as follows: 

1. Volatility Memory M ranging from 1 to 30 days (30 values). 
10 2. Direction Horizon H ranging from 1 to 30 days (30 values). 

3. Volatility Threshold v ranging from 0.1 to 3 times the 1 day scaling law in steps of 
0.1 (30 values). 

4. Direction threshold d ranging from 0 to 1.0 times the H day scaling law in steps of 
0.1 (11 values). 

15 5. The total parameter space contains 297000 points. 

As already mentioned, the models are investigated with a 24-hour business time 
series characterized by data at a specific hour of the day. There could, however, be subtle 
but significant volatility differences in series that measure price differences from op en- to- 
open as compared to price differences from noon-to-noon. By introducing one additional 

20 parameter, the time of day corresponding to the series studied, we can use the trading 
model to study the evolution of the most relevant horizons through the day. Aside from 
the latter academic aspect, such a study is also motivated by the temporal derealization 
issue to be addressed below. The additional parameter, referred to as update-hour, takes 
values from 0 to 23 in increments of 1 (24 values), and represents the hour of the day 

25 characterizing the series studied. A complete database of results for a given currency pair 
would therefore contain approximately 297, 000 x 24 x 2 = 14 million results - approxi- 
mately 7 million each for the trend- following and contrarian models. With such a large 
database of results for each currency, there is an extreme risk of over-fitting. The descrip- 
tion below presents procedures developed to reduce this risk and also shows evidence that 

30 the procedures work as expected. 
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"Temporal derealization" refers to the problem that any single model as just 
described, corresponding to a certain update hour, will only give a recommendation once 
in 24 hours. The problem is to be able to use the relatively clean information content in 
the daily business time series, but at the same time to have a final model that is flexible 
enough to take action at any hour of the day. The solution to this problem is to regard the 
models at different hours to be simply sub- models that are ingredients of a final model, 
which we shall refer to hereafter as the grand model. The grand model is thus a portfolio of 
models that axe each updated individually by the daily business time series corresponding 
to every hour of the day. The grand model then acts at any hour, on the hour, based on 
some voting scheme applied to the most recently updated sub- mo dels within the past T 
(0 < T < 23) hours. For example, if ph (+1, 0 or -1) represents the recommended position 
of the sub-model updated at hour h then the grand model gets into a long or short position 
at hour h if 

T 
i=l 

is such that \Ph\ > Si n , with the position being long if the sum is positive and short if 
negative. The model gets out of this position and becomes neutral if \Ph\ < S ou t. Of 
course we must have the strength parameters Si n and S out (thresholds determined during 
voting rule optimization) such that S{ n > S ou u 0 < Sin < T, 0 < S out < T. (Note that if 
5 Si n > T\ the grand model will never take a position). Some other variations are described 
below. 

Note that the input sub-models have to be optimized for update hours at every hour 
of the day, including hours when the market may actually be closed. During optimization of 
the sub- models, the environment must be specially modified so that deals can be executed 
10 even during closed market hours. In the grand model, deals will never be executed when 
the market is closed (barring stop losses) but the positions of the models corresponding 
to the hours when the market is closed will be held in memory since, as seen in the above 
equations, the grand model uses the sum of sub- model recommendations as an indicator. 

In addition to the above strategy, which achieves temporal derealization up to 
15 a one hour grid (besides also increasing robustness as a welcome side effect, by pooling 
the recommendations of multiple models), there is an additional strategy for further delo- 
calization to the continuous time level. This is achieved by a deal delay mechanism that 
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works in a way similar to the moving stop loss. The deal delay mechanism will prevent 
the immediate execution of a deal on the recommendation of the grand model. Instead, 
the grand model will be forced to wait until a better price for the deal becomes available. 
The wait will continue until a price is obtained that is worse than the best price so far 
5 (bid or ask depending on the recommended position) by a configurable ratio referred to as 
the max- loss (say 0.1%). On some occasions this will be a price worse than the price that 
would have been obtained if the deal was executed immediately; but the gamble is that on 
most occasions it will be a better price. This algorithm is configured to work only during 
open hours when deals are possible and only for a duration of 1 hour between sub- model 
10 updates. After a sub-model update (on the hour) the deal-delay mechanism is reset based 
on the latest grand model recommendation. 

The contrarian and the trend-following models are preferably used together. The 
same algorithm that allows for the pooled opinions of the models at different times of 
the day can be extended to include the "vote" of multiple models updated at the same 
15 hour. Thus a grand model can be used that has not just 24 models but 48 models with 
2 synchronous sub-model recommendations (one trend-following and one contrarian) at 
every hour. It is expected that by and laxge one of these will be neutral when the other is 
in a long or short position. Thus, the 2 models complement each other. 

As already described, during optimization of sub- models a database is preferably 
20 generated (with perhaps 14 million results) for a given exchange rate. To conserve disk 
space, preferably only those results are entered in the database that correspond to a 
positive-definite value of X e fj. Each result consists of a single line that, besides specifying 
the parameters, also specifies the X e jf : the neutral fraction n (as a percentage of the 
in-sample during which the model was neutral), and the mean annual return of the model. 
25 Due to this large database, it is not a straightforward process to select the best or set of 
best sub-models that would constitute the grand model. In fact, the selection procedure 
must itself be an algorithm that produces a final candidate for testing in the out-of-sample. 
This is described below, after we introduce a new performance measure, the effective- X e ff. 

The effect ive-X e //, or fxf|V|, is defined by: 

( ifn<u 
£rf[z/] = I 1_ Too 

30 I 0 otherwise 
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The measure fxf(V| has the advantage of evaluating the performance of the model in relation 
to the amount of time it is exposed to risk. This is a preferred measure in view of the 
final usage of this (daily) model only as a component in the grand model. The goal is to 
find a set of sub- models that are individually conservative and act selectively (having large 
5 neutral fractions), but when placed together in the grand model complement each other, 
causing the grand model to have a much lower neutral fraction. The cutoff v is necessary 
so that models with very large neutral fractions (due to very few trades) would not be 
rated as very high simply on the basis of a few trades, since this would not be statistically 
robust. 

10 Effect ive-X e f f is preferable to X e ff in cases where models are largely neutral but 

under specific market conditions make money. Because such models are largely neutral, 
their absolute return can be lower than that of models that are more often in position. The 
effective- X e ff scales the X e jf measure with respect to the amount of rime it actually was 
in position. Through the effective-X e / f measure models with drastically different neutral 

15 fractions become incomparable. 

There are many schemes one could use to transfer the database of results for a given 
currency (up to 14 million results) into a single grand model. A straightforward scheme 
is to construct a grand model by choosing the best trend-following and best contrarian 
model at every hour, based on some performance measure such as X e ff or fxf[50]. A more 

20 robust selection scheme would be to use as the best model at hour h the model that has 
the highest mean value of a performance measure (e.g., X € ff or fxf[50]) over some of the 
neighboring hours around h. Such a selection scheme is characterized by a distance d in 
hours over which the mean should be taken. If the index i represents a specific set of the 
4 principle parameters of the model and j represents the update hour of the model with 

25 parameters i, then the performance measure of this model may be denoted as Xij- With 
the latter definition and parameter d we can determine a parameter set i at hour h for 
which Xih: defined by 

ESS?-*** tfx«>ovj 

Xih= \ 

0 otherwise 

is maximum. Note that the effect of this scheme as d increases is to prevent rapid variation 
30 of sub- mo dels over consecutive hours. The seasonality of the market is in effect at cross 



38 



purposes to this scheme, so a compromise must be made so that sufficient intra-day market 
seasonality is captured while robustness of the choice of sub-models is increased. 

It is convenient at this stage to formalize the selection schemes by referring to 
them as 0 — 0(x? °0, where x is the choice of performance measure and d is the distance 
5 parameter. A preferred embodiment uses 16 selection schemes as possible candidates for 
choosing the final model. These are: &(X e ff,d) and 0(£rf[i/],d) for d E {0,1,2,3} and 
v € {25,50,75}. These selection schemes axe to be separately applied to each database 
(of 7 million results) for the trend-following and contrarian models for a given currency. 
The result of each of the (automated) selection schemes is a set of (up to 24) sub-models, 

10 denoted by S^rate, strategy, x?d), when the scheme 0(x,d) is applied to the currency 
"rate" and to a model of specific strategy (trend-following or contrarian). The (up to 24) 
sub-models in a given set each correspond to the recommended components, based on the 
selection scheme used, for each hour of the day in the grand model. (Note that 24 models 
may not be obtained in all cases, since the selection algorithm might not find a sub-model 

15 that has a positive Xij i n a ^ neighbouring hours over which %ih is computed). 

In general the grand model can be constructed from these sets as the union 

^(rate, trend- following, xu di) U 5 (rate, contrarian, X2? cfe)- 

Note the subscripts on x and d. Since we have 16 choices of the pairs {x, d}, there could 
be 256 choices of the grand model. To limit this number we define: 

S^rate, mix, x? d) = S^rate, trend- following, x? d) U 5 (rate, contrarian, x-> d) 

as the grand model comprising up to 1 trend-following and 1 contrarian model at every 
hour, obtained by using the same selection scheme 0(x ; d) for choosing the trend- following 
and contrarian sub-models. 

Preferred voting schemes are now described. A scheme based on the sum of sub- 
20 model recommendations was mentioned above. The recommendations of all, say N ? models 
within the last T hours are summed. If the current position is neutral, then the grand 
model recommends a long (+) or short (-) position same as the sign of the sum, provided 
that the ratio of the sum to N exceeds Si n . If the model is already in a position (not 
neutral), then the model becomes neutral if the above ratio falls to S^ut or less. The 
25 motivation for S ou t to be distinct from (and less than) S tn is to inhibit the grand model 
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from changing position rapidly. The smaller S ou t is from S tn the more difficult is the return 
to neutral after taking a position. If the successive sub-models (every hour) are not too 
different in their parameters this would be automatic, because the sub-model at the next 
hour is then more likely to have the same recommendation as the current one. Thus the 
5 choice of S{ n is far more crucial than the choice of S ou t- The logical move is to first study 
the case Si n = S ou t for various values and then finally set S ou t marginally lower than Si n . 
We shall refer to this voting scheme as scheme 1. 

Another voting scheme is to allow 1/2 gearing. It is similar to the above scheme 
except that the ratio of the sum of model recommendations of all N models in the past 
10 T hours to the total number of models is taken literally as the gearing. Si n and S ou t are 
still used as before. If the position is currently neutral and the ratio exceeds Si n , the 
environment will set the gearing to 1/2, —1/2, 1 or —1 depending on which of the these 
values is closest to the ratio. We refer to this as voting scheme 2. 

The above two methods are fully democratic among the quorum of sub-models and 
15 make no distinction between trend- following and contrarian models. A third, layering, 
scheme is different in that it introduces a hierarchy among the synchronous models. As 
mentioned above, the final grand model will preferably have one trend-following and one 
contrarian model acting synchronously at every hour. These models are largely likely to 
be uncorrected by construction since one (the trend-following) takes a position when the 
20 volatility is below a certain threshold, and the other (the contrarian) takes a position when 
it is above a certain threshold. Nevertheless, because of differences in volatility memory 
between the two models, it is occasionally possible for them to act simultaneously. A 
layering scheme introduces a hierarchy whereby the non-neutral recommendation of the 
trend-following sub-model can have a veto-like effect, overruling the recommendation of 
25 the synchronous contrarian sub-model, or vice versa. In other words, the subordinate 
sub-model can only act if the one with precedence is neutral. If, as stated, the trend- 
following sub-model has precedence, this scheme is referred to as voting scheme 3t, and if 
the contrarian sub-model has precedence, it is referred to as scheme 3c. 

We now describe a preferred optimization strategy for this embodiment (model 
30 70). We choose the in-sample region to be alternating bands of 546 days from 01.01.87 
onwards. This gives us 3 bands for optimization. The preferred strategy for optimization 



40 



of model 70 is to first create a database of solutions for the trend-following and contrarian 
models (for all hours of the day for a given currency) using only the first two in-sample 
bands. 

The database is then searched by the 16 candidate selection procedures to arrive at 
5 the set of sub-models 5(rate, trend- following, xu dj) an d S^rate, contrarian, Xu d 3 ), where 
% € [1, 4] and j E [0 — 3], and where dj — j, xi ~ xe ^ X2 — fxf[25], xz — fef[50], and X2 = 
£xf[75]. In addition to the selection of the sub-models, the high-frequency grand model 
also needs to be specified according to the following 5 high-frequency parameters: (1) the 
parameter T, which sets the number of hours in the past that play a role in determining 
10 the current position; (2) the strength parameter Si n \ (3) the strength parameter S ou t] (4) 
the voting scheme (l,2,3t and 3c); and (5) the max-loss parameter. 

Note that here the selection procedure itself becomes a meta-parameter. The selec- 
tion procedure (determined by x an d d) and the above set of 5 parameters shall be referred 
to as the high-frequency parameters, since they are the parameters that determine how 
15 individual sub- models (acting only once daily) are to be converted into a high-frequency 
grand model with temporal derealization. 

For the same choice of x an d d, the choice of sub-models can differ between currency 
rates. For robustness, the strategy is to find x, d, and the above set of 5 parameters (the 
set of high-frequency parameters) such that the mean value of the X e ff over all currency 

20 rates is maximized by their choices in the third in-sample band. Thus, the sub-models 
are themselves currency-rate-specific, but the high-frequency parameters (including the 
selection scheme) are common between currency rates. It is reasonable to expect that the 
degree of overfitting is diminished by (1) a judicious choice of high-frequency parameters; 
(2) by optimizing them in an in-sample band that has never been exposed to the ingredient 

25 sub- models; and (3) choosing these to be globally uniform over all exchange rates. It 
cannot be over-emphasized that the sub-models are chosen by the selection schemes based 
only on their individual performance in the first two in-sample bands. There is preferably 
no optimization to pick the models so that they work well together. (Such a scheme would 
be drastically prone to overfitting). 

30 Preferably, individual sub-models are optimized on a first in-sample band, and the 

grand model parameters (including voting scheme) are optimized on a second in-sample 
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band. This allows the grand model parameters, which govern how all of the sub-model 
recommendations will be used to arrive at a final trading signal, to be optimized on a band 
that is out-of-sample for the sub-models. This in turn allows the grand model parameters 
to be optimized in a manner that "buys insurance" against possible over-fitting of the 
5 sub-models on their in-sample. 

There is one complication that must be discussed. The optimal selection procedure 
for the trend- following models may not be the same as the one that works best for the 
contrarian models. Thus the above strategy must be applied to separately construct purely 
trend-following and purely contrarian high-frequency models. The X e ff for these are then 

10 separately averaged over currency rates (in the third in-sample band) to determine the best 
choice of selection procedure for the trend- following sub-models and the possibly distinct 
best choice for the contrarian models. These two selection procedures are then applied 
to construct the mixed model, and re-optimized in the third in-sample band to determine 
the remaining 5 high frequency parameters enumerated above - again by averaging the 

15 performance over different exchange rates as usual. We shall refer to models constructed 
by this procedure as hybrid models. 

In addition to the strategy of the last paragraph, we can also test the effect of 
choosing the set 5 (rate, mix, cf), defined earlier, although it does not allow separate 
selection procedures for the trend- following and contrarian models. We shall refer to 
20 models constructed by this procedure as mixed models. 

A database of results for the USD-DEM, USD- JPY and GBP-USD has been com- 
pleted for the trend- following as well as contrarian models. The results presented below 
reflect tests in the third in-sample band but by limiting 3 of the 5 high frequency param- 
eters enumerated above in the following way: 

25 1. T is fixed (T = 23). This is a common-sense choice since it seems reasonable that 

the more sub-models used to pool their opinions, the better the model must behave. 
Some test runs allowing this parameter to vary have confirmed that this is reasonable, 
although the strictly best models seemed to be clustered around T = 20. 

2. S out is fixed (S out = Si n ). Again a common-sense choice. It is expected that perfor- 
30 mance should marginally improve if S ou t is marginally less than S^ but the more 
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critical value is definitely Si n . 

3. The parameter max-loss is fixed (max- loss = 0). This essentially disables the deal 
delay mechanism. The max-loss is the least critical of the parameter set. The value 
can be set as the last step of the optimization process. 

5 All of the above parameters are preferably allowed to vary at a later stage of the optimiza- 
tion process. The first step is to identify the best choice of selection procedure and the 
Sin parameter. The results presented below, for the 3 databases ready so far (USD-DEM, 
USD-JPY and GBP-USD), are with the above-enumerated parameter-space limitations. 

Table 5 evolves as optimization proceeds over more rates. If the displayed state 
10 of Table 1 (having studied only 3 rates) is any indication of its future evolution, it seems 
reasonable to expect that the best selection procedure for the trend-following sub-models 
will differ from that for the contrarian sub-models. The mixed model results in Table 5 
are for the case where both the trend- following and contrarian models are selected by the 
same scheme 0(x> d). After the databases for many more currencies are prepared, one 
15 final step is preferably to test a mixed model constructed, not with the same selection 
scheme for the two strategies, but with the different and optimal selection schemes for the 
two strategies. 

Also note in Table 5 that the strength parameter for the mixed model is lower 
than, that for the single strategy models. This is to be expected since the synchronous 

20 trend-following and contrarian sub-models are unlikely to sum to a value greater than 1 
(by design, as discussed earlier). Thus the sum of sub-model positions will on an average 
not change much (compared to the single strategy models), but the total number of models 
is doubled, thus requiring the strength Si n to be reduced. For this reason, the parameter 
Si n for the purely trend-following and purely contrarian models is varied from 0.0 to 0.6, 

25 in steps of 0.1, but the same parameter for the hybrid and mixed models is varied from 
0.0 to 3.0, in steps of 0.05. 

As mentioned above, the selection scheme must strike a balance between allowing 
intra-day seasonality (by not taking d very high) and robustness (by not taking d very 
low). Tables 6 and 7 show the evolution of the horizon H (in days), which is the most 
30 critical of the 4 sub-model parameters, for each exchange rate, using the best selection 
scheme for the purely trend-following and purely contrarian grand models as determined 
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by the current status of Table 5. 

The rather gradual variation of the horizons from hour to hour and the fact that 
only a few relevant horizons stand out in Tables 6 and 7 provide testimony to the reason- 
ableness of the selection schemes and their ability to thwart over-fitting. 

5 In the final round, a new database of results must be constructed for each currency 

rate, wherein the sub-models are exposed to all three in-sample bands. Then the candidate 
model for the real out-of-sample test, for each currency rate, is the model constructed 
with these more robust sub-models (by virtue of being exposed to a larger in-sample) by 
applying the selection procedure and high-frequency parameters gleaned from the tests 
10 and criteria in the third in-sample band discussed above. 

A fourth preferred embodiment comprises customized trading models. The basic 
motivation for the trading model of this embodiment, referred to herein as a customized 
trading model, is that the FX and other markets can change their nature and behavior over 
the years. The performance of trading models can vary with different market states. Fi- 

15 nancial markets are known to exhibit distinct and persistent patterns and certain clusters 
of behavior. In 1995 and 1996, for example, FX markets were characterized by sideways 
movements with few large trends, while volatility was still high when measured at high 
resolution. Institutional changes, such as the development of the European Monetary Sys- 
tem, can also cause behavior shifts. These changes can affect the performance of a trading 

20 model (TM) optimized during periods with particular behavior (e.g., large trends). Thus, 
a preferred embodiment comprises trading models with a variety of different strategies, 
according to different market states indicated by volatilities of different time horizons and 
other non-linear indicators related to volatility. 

This embodiment preferably uses indicators that observe and predict the charac- 
25 teristics of the market. Different strategies for different types of markets are then followed. 
In other words, specifically designed market state indicators, functions of the present state 
of the market, are used that help a model to adapt its strategy to the market situation. 
These adaptive strategies account particularly for the situation of sideways markets, where 
some other trading models under-perform significantly. In sideways markets, short-term 
30 noise, rather than large movements, dominates. If a trend-following model is applied, 
this leads to frequent loss-making transactions. Detecting these states and adjusting the 
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strategy correspondingly can avoid this. Adaptivity of the model refers also to structural 
breaks of the market, where old market states are disrupted. In this case, the model should 
react quickly and "forget" about the old market state. 

To address these problems, a preferred embodiment implements different sub- 
5 models with individual time horizons, thus modeling the views and actions of different 
trader groups or market components. These different components range from intra-day 
horizons to time horizons of about one month. 

Preferably, from a user's perspective, this trading model (TM) is seen as just 
another real-time trading model. With respect to the other embodiments described above, 
10 there are no additional architectural or functional requirements for the customizations. 

Whereas previously-described TMs and the instant customized trading model can 
be operated in the same technical way, they differ in other respects: the so-called cus- 
tomizations. Some aspects, such as the choice of the active day-times of the model, are 
discussed only briefly below, since they are common to the general trading model archi- 
15 tecture described above. The most important customization is described in detail below. 

The trading model architecture is preferably constructed using C++. It has very 
similar features and properties as the trading model technology described above with 
respect to the other preferred embodiments. FIG. 1 provides a graphic illustration of 
this structure. 

20 As in other preferred embodiments, the gearing calculator constitutes the heart 

of the instant trading model and supplies its characteristic features. The model-specific 
indicators and a raw gearing of the model are calculated. The result is then processed in 
the other parts of the architecture. The expression "gearing" refers to the direction and 
size of the position taken in the market; a negative gearing means a short position. 

25 Financial markets are known to be constituted of different types of traders whose 

behaviors differ in several respects: the markets are heterogeneous. The most important 
difference between market components is related to the time horizon: short-term traders 
observe and cause minute-by- minute price movements, whereas some long-term investors 
rebalance their positions only in weeks or months. 

30 A trading model algorithm based on a deep understanding of market mechanisms 
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should account for this heterogeneity. An efficient way of dealing with heterogeneity is 
through the construction of different sub-models, where each of these has its own time 
horizon. Each sub-model incorporates the view and the actions of one trader group in 
its analysis and arrives at its own trading recommendations. These recommendations are 
5 then weighted together in order to obtain the overall model gearing. 

Each sub-model of a preferred embodiment has the same structure, and most pa- 
rameters are identical among different sub-models (some of them are simple power law 
functions of the time horizon). This is algorithmically advantageous and makes the opti- 
mization process easier and more resistant against overfitting than letting all parameters 
10 be optimized independently. The essential parameter of an individual sub-model is, of 
course, its time horizon. 

The algorithm used for the customized trading model has some less specific ele- 
ments that are described above with respect to other embodiments, such as the price filter, 
the stop- loss detector, the opportunity catcher (picking a realistic execution price), and 
15 others. These elements are adopted by the customized trading model, with an appropriate 
choice of (optimized) parameters. 

Price filtering (checking incoming quotes from the data suppliers for outliers) is 
necessary to avoid trading signals that result from misquoted prices. A description of a 
basic approach to filtering is given in Dacorogna, M.M., Miiller, U.A., Nagler, R.J., Olsen, 
20 R.B., and Pictet, O.V., A geographical model for the daily and weekly seasonal volatility 
in the FX market, 12 Journal of International Money and Finance 413 (1993) (hereinafter 
Dacorogna 1993). A preferred price filter is based on that approach. 

A stop loss detector triggers if the market moves in disfavor of the taken position 
by passing the stop-loss price, and causes a deal to enter a neutral position. This can 
25 happen also overnight, when markets are closed. Overnight stop-loss transactions can be 
executed by a trader located in another time zone. 

A special case is profit taking. A stop price is set as soon as a profit objective is 
reached. This stop price is moving in parallel with the level of the best price achieved so 
far during the open periods of the market. 

30 The deal acceptor validates the recommendations of the gearing calculator using 

the following rules: (1) no deal is allowed to take place within fifteen minutes of another 
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deal having occurred; (2) a deal filter (even more stringent than the normal quote filter) 
determines if a given price is suitable for trading; and (3) trading can only take place 
during the open hours of the specific market of the model (except for stop-loss trading, 
which is supported around the clock). 

5 An opportunity catcher searches for a realistic price to be taken for the internal 

book-keeping of the model. This happens in a time window of 2-3 minutes (depending on 
the currency), where the median of the applicable price quotes (bid or ask) is taken. A 
signal is sent to a human user before this time window (to tell him to execute the deal) 
and afterwards (to inform him of the price used for internal book-keeping). 

10 The book-keeper evaluates trading model statistics such as current (unrealized) 

return, total return, cumulated return, maximum drawdown, and profit-over- loss ratio. 
FIG. 7 depicts a preferred structure of the customized trading model: sub-model and 
main model. 

The final gearing as well as the trading recommendation and some other useful 
15 results are displayed on the screen of a user's computer. 

We now describe in detail the structure of a single sub-model, analyzing the dy- 
namics of one specific time horizon. Then we describe the integration of all different 
sub- mo dels in the main gearing calculator. 

A visual idea of the overall structure as proposed here can be obtained from FIG. 
20 7. As indicated in FIG. 7 the combination of different sub- models at the end leads to 
the final gearing recommendation of the gearing calculator (see also eq. 54 ) . 

A sub-model comprises different parts that serve different tasks: generating raw 
gearings, analyzing the market state, generating strategies depending on raw gearings 
and market state, and finally giving a recommendation for the trading model position. 
25 Within this structure two different market state indicators, a "channel indicator" (which 
is indicated on the upper right in FIG. 7 and a "frequency indicator" Itrad. freq. (defined 
through the main indicator and boxed underneath in the upper left in FIG. 7) are im- 
plemented. The different indicators and strategies for the single sub-models are defined 
below. 

30 Sub- models can be seen as complete trading models, but the final goal is to combine 
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sub-models of different time horizons into one main model. The different sub-models share 
the same structure and algorithm, but the time horizons (and some dependent parameters) 
are different. 

The structure of one sub-model can be essentially divided into five parts (see FIG. 

8): 

1. The calculation at step 810 of a suitable main indicator for the specific sub-model, 
which after the application of a simple nonlinear discretization function provides a 
first raw gearing (either 1 or -1). 

2. The calculation at step 820 of a first market indicator, the frequency indicator 
^trad.freq.: which describes the current degree of noisiness in the market (and therefore 
whether trend-following should be avoided). 

3. The calculation at step 830 of a second market indicator, the channel indicator 
^channel which describes to what degree the current and most recent market situation 
can be characterized by channel configurations. 

4. Computing at step 840 a weight w to be applied to the raw gearing at the end. This 
weight represents the strategy chosen in view of the market indicators. This is a key 
feature in making the trading model adaptive. This function w is also modulated by 
a "spread function" that accounts for the loss due to bid-ask spreads (each "round- 
trip" transaction leads to a loss of one spread, which may affect the performance in 
case of frequent transactions of the sub-model). 

5. Computing at step 850 the resulting gearing as the product of the raw gearing 
computed in part 1 and the weight derived from the market indicators. This gearing 
is later combined with the gearings of other sub-models. The combination is then 
discretized to provide the final, discrete gearing recommendation of the model. 

The trading model works in real-time, with tick-by-tick intra-day data. Therefore, 
it preferably has a way to deal with the strong intra-daily seasonality of volatility. Price 
movements around 4:00 GMT, when volatility tends to be low, should be treated differently 
from price movements of the same size around 14:00 GMT, when volatility is usually high. 
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The time scale $ has been developed for the deseasonalization of volatility; its 
computation is explained in detail above and in (Dacorogna 1993). In all the indicator 
computations presented in the following description, we use i?-time rather than physical 
time as the basic time scale. 

5 A main indicator z is created with the help of exponential moving averages (EM A) . 

These are computed by an iterative application of the EM A -operator to the (not necessarily 
regularly-spaced) time series x(t). Depending on the number of iterations, we obtain a 
moving average based on a specific kernel function. We define: 

z - z(t) = XW , (25) 

y/EMA[At„t\j';x 2 ](t) 

10 with a scaling function in the denominator, where 

X(t) = (26) 
EMA[At shorU i",j";x](t) - (1 + e)EMA[At modeU i, j;x](t) + sEMA[At long ,i,j;x](t) 
and x denotes the mean logarithmic value of bid and ask prices: 

x= 2 • (27) 

15 The time t is meant to be the i?-time, as explained above. The parameters i and j 

determine the form of the kernel of the moving average: 1 < % < j. Choosing % > 1 results 
in a kernel whose rectangular- like form starts after a lag, rather than immediately. See U.S. 
Provisional Pat. Application 60/200,743, filed May 1, 2000, to Zumbach & MtUler, the 
contents of which are incorporated herein by reference; see also Zumbach, G.O. & Miiller, 

20 U.A., Operators on Inhomogeneous Time Series, International Journal of Theoretical and 
Applied Finance (2000. 

The EMA-function EMA[At s hort: h 3\ serves the purpose of obtaining steadier 
data (avoiding "bid-ask bouncing 7 '); the time horizon A£ s hort is therefore chosen to be 
in the range of seconds. The specific time horizon of the given sub-model is given by 
25 A£ m odei- The main indicator (with positive small e) leaves space for accounting weakly 
for possible curvature effects. This is done by including a component corresponding to 
the (discretized) second derivative which can be done with the help of a moving average 
EMA[Ati ong? 2 ? j; x](t) with longer memory A^ ong . Preferably A^ ong = 2Ai moc iei is chosen. 
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Concerning the scaling function ^EMA[At a , % , f ; x 2 ] (t) , a specific choice of At a 
and is necessary. We choose At a to be high multiple of At model , (i.e., x is scaled 

with its own long-term moving average). For the iteration numbers % and / we choose 
% — 1 and / ~ 4, which corresponds to a kernel function that has a plateau for values 
5 close to zero and decays slowly for larger values (the center of gravity is given by At^). 
Although this indicator scaling provides some adaptivity, the overall ability of the entire 
sub-model to adapt to different market 'states is not yet reached by this scaling function. 
For this purpose, we need the market state indicators described below. 

The indicator z serves as the argument of the following iteratively defined discrete 
10 gearing function: Given a gearing g at the previous quote (at t pr ev.) ; the gearing at the 
current quote (at f n ow) is defined to be 
e 



+1 if z > zq 

5 (Vev.) ifk|<*0 } ( 2 8) 

— 1 if z < —zq 



where the initialization is given by #(t s tart) == 0. This defines the first raw gearing of the 
main indicator. The threshold value zq is a fixed parameter of the model (to be optimized), 
15 constant over time. 

In order to account for different conditions of the markets (where a certain gearing 
g must be interpreted differently) the gearing g is weighted with a market state indicator 
function w — ^(market, z) such that a modulated gearing # m is finally obtained: 

g m = w (market, z) * g (29) 

20 The function which will be defined in detail below, is a function of several different 
market state indicators. The gearing values g m of the different sub-models then serve as 
the basis for a last discretization step that provides the final gearing of the overall model 
(see below, eq. 54 ). 

The market indicator function (market, z) accounts for a wide range of market 
25 states. Here we choose w to be non-negative, w £ [0, 1]; the model avoids contrarian 
strategies ( positions opposite to the gearing recommendation g(z)). The weight function 
^(market, z) and the strategy of the model depend on two different market state indicators, 
a channel indicator and a noisy market indicator. 
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One market state indicator is designed to detect sideways markets through the 
identification and characterization of what we call channel configurations (a term that 
originates from technical chart analysis). Channel configurations are the result of a market 
consensus among traders. Here, we use a specially-designed channel indicator describing 
5 the degree to which a recent price development can be described as a channel by counting 
the number (and amplitude) of oscillations of prices within a given time interval and a 
range of prices. This channel indicator recognizes not only static price ranges; it adjusts to 
an overall linear trend of the channel as well as a possible narrowing ("triangle formation"). 

For the definition of the channel indicator /channel we proceed as follows: We choose 
10 a time horizon AT c h a nnei to specify the length of possible channels (other sub-models have 
channels of different lengths). This length ATchannei is a high multiple of the time horizon 
Atmodei of the main model indicator (a parameter that needs to be optimized). The 
channel extends over the time interval C of size ATchannei- At a given time t we define the 
interval 

15 C = [t-AT channe i,t] (30) 

which covers the immediate past until time t. 

In the following the variable x refers to the logarithmic price in a smoothed form: 
a moving average of the original x from eq. 27, with a memory (center of gravity of the 
kernel) of At = • ATchannei- This smoothing leads to neglecting extremely fine details 

20 of the price history details in the channel determination - a desired effect that reflects also 
the view of market practitioners. The usage of MAs instead of original prices also leads to 
a higher degree of statistical stability for the definition of the channel. Within the interval 
C we store 120 different past values of the moving average (with a certain overlap of the 
kernel functions) that we name x^ = x(tfc), t& G C , indexed by k = {l,...,iV} (where 

25 N = 120). 

We make different particular choices for the time horizon AT C h a nnei m eq- 30. In 
order to adapt the channel indicator to particular situations where a market just enters 
into a channel, we choose different time horizons j ATchannei that are certain fractions 
of AT c hannei ( e -g-> j = {0.5, 0.6, 0.9, 1}), and choose j such that the corresponding 
30 time interval C shows the the most convincing channel features (measured by a variable 
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introduced below; see eq. 38). 

The following steps lead to the definition of the market state indicator: 



1. De-trending: We evaluate a possible trend of the price movements in the interval C 
regression and obtain the slope m for the trend of price movements in the interval 

5 C as the offset constant a. This trend is then subtracted such that we obtain the 

residuals 

r&k) = v(t k ) - (a + m- tk) . (31) 

2. Narrowing of the channel interval: As a subsequent step we perform a second linear 
regression, this time on the absolute values \r(tk)\ of the residuals of eq. 31, in order 

10 to account for possible channel narrowings ("triangle formations"). This leads to 

the slope s and the offset b. In case of a negative slope s the residuals r(tk) are 
rescaled with the inverse of the resulting (decreasing) linear function to give f(^). 
We require s = 0 if the linear regression results in a positive slope, as we are not 
interested in the unusual configuration of a widening channel: 

« S -°- ^ 

A further constraint that we impose is a lower limit for s such that the channel width 
at the end of the interval C be smaller than 30% of the channel size at the beginning 
of C. 

3. Denning the channel frequency: We next define the interval [min c ^, max^] by choos- 
20 ing min C fc (max^) as the minimum (maximum) of the price residuals f for tk e C: 

min ch = min[r(£fc)] max c/l = max[f (£*.)] (33) 

The value of (max^ — min c /J defines a sort of width of the residual channel. Instead 
of using this value for further calculation, we define another width AP of the channel 
that has a certain narrowing term in the case of triangle formations (5 < 0): 

25 AP = (max c/l - min ch ) + s ■ AT channei (34) 
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We now track the number of times the residual function r(t k ) approaches min^ and 
max c h (alternating between the two borders). This number is given by the following 
expression 



Q = <2(AT channe i, r c ) =Af({k\m k ^ m fc _i , 2 < k < N}) 



(35) 



where 



-1 if ( ?{t h ) - min ch ) < r c 
+1 if (max c/l - r(t k ) ) < r c 
m k ^i otherwise (0 in the case k = 1) 



(36) 



with a tolerance level r c . Together with this number Q we obtain a sequence of time 
intervals separated by the time points t q of the crossings over r c that lead to a count 
in eq. 35. Within all these Q intervals, we find local minima and maxima of r(t k ), 
which are used to define our modified oscillation frequency. This is defined as the 
sum of absolute differences between subsequent local extrema (scaled by the range 
of global extrema): 



F = F(AT ch ^ neU r c ) 

E?=i[max{ \f(tk)\ I t k e [* ff -i,tJ } + max{ \f(t k )\ \ t k € [t q ,t q+l ])}] 



Instead of choosing just one tolerance level r c of an approach to the top or bottom 
of the channel, we take several r c values in the range of 20% — 40% of the channel 
width. The average value of F over this range of tolerance levels r c is calculated. 
This average is more stable and less sensitive to random effects than an F based on 
only one r c level. An offset of —1 is introduced to account for the minimum number 
of counts (there must be one count at least, even if there are no oscillations). 

4. Definition of the channel indicator: In order to obtain a final indicator for the 
strength of a channel configuration in the market, the function F is scaled with a 
factor containing the width AP, the slope of the trend m, and the time interval 

j A^channei: 




/ AP \uav 
^ u(ATl) / J 




(38) 
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where the second factor F is more important than the only moderately- varying first 
factor. The variable v(ATi)) is a long-term moving average of the volatility measured 
with a memory of a multiple of the channel length. This definition is aimed at making 
the scaling factor adaptive to structural changes of the FX rate (e.g., a substantial 
5 volatility increase) . The indicator f receives a high value when the price alternates 

often between the borders of the considered interval, which corresponds exactly to 
what we want to describe as a channel. The wider this channel (factor (^^jy)** with 
an exponent fi = 0.3), the longer the channel (factor (jAT c h an nei)^ with v = 0.5) 
and the smaller the slope as compared to the width (factor 1 / ^/l + (g^fe™"i)2) ? 
10 the higher the indicator value. 

We emphasize here again that we choose channels of different lengths in order to 
make the channel indicator more flexible, especially in situations where the market 
just entered a new channel (which is short at the beginning). The final indicator 
^channel is then given as the maximum among these channels: 

1 c ^channel (^channel j r c, A*) = max (/ (j AT channel , r C) Jl) ) (39) 

LO J={lv»5} 

The channel indicator /channel is found to be correlated to volatility (and the ratio 
or difference of coarse and fine volatility). All these quantities measure, in one way or 
another, the intensity of price changes. An advantage of the channel indicator lies in 
its ability to quickly catch the disruption of an old market state (channel break). These 
20 breaks may occur very suddenly; purely volatility-based indicators are unable to catch 
them with the same speed. 

Another measure of the market state is introduced by a second market state in- 
dicator, one that measures directly the "noisiness" of the market. In sideways markets 
(which are not always described by a clear channel configuration) the short-term noise 

25 dominates the large movements and long-term trends. This can lead to frequent, loss- 
making transactions of a trend-following model. A noise indicator aims at detecting these 
situations, and enables the incorporation of corresponding features into the definition of 
the market state function w. The indicator is similar to a direction change frequency as 
defined in Guillaume, D.M, Dacorogna, M.M., Dave, R.D., Muller, U.A., Olsen, R.B., 

30 and Pictet, O.V., From the bird's eye to the microscope: A survey of new stylized facts 
of the intra-daily foreign exchange markets, 1 Finance and Stochastics 95 (1997), but is 
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directly associated with the main indicator z itself. The definition of the noise indicator 
is as follows: 

^trad.freq. 

= EMA[Ai trad . freq . ; i, j; 6}{t) (40) 

with a moving average with a specific kernel and a long memory Attrad.freq. that is another 
5 parameter in the optimization of the model. The function 8 is defined as follows: 

I 0 otherwise 

where t now and t pre v. denote the times of the current and previous quote, respectively, and 
g is defined by eq. 28. This definition of Itrad.freq. essentially corresponds to the trading 
frequency of an unconditional trend-following model, that is, a model that strictly follows 
10 the trading rule specified in eq. 28. 

This indicator essentially tells us when trend- following is dangerous: a high value of 
Itrad.freq. occurs in markets with a high degree of noise. An unconditional trend-following 
model makes many transactions that lead to subsequent losses. Accordingly, a trend- 
following strategy should only be followed in market situations with a low value of the 

15 indicator itrad.freq.- The indicator defined in eq. 40 has a very important feature: a high 
autopredictive power (high autocorrelation). Indeed, our studies have shown that /trad.freq. 
possesses significant autocorrelation extending to lags of one order of magnitude longer 
than the memory Attrad.freq. of the moving average. By being based on the main indicator 
Arad.freq. also has the advantage of indicating exactly the type of noise that is most 

20 damaging for trading. 

The two market state indicators - the channel indicator and the noise indicator - 
are now used to define the market state function. 

When defining an adaptive weight function w for the main indicator we first want 
to differentiate three market states. 

25 1. The price is located within a clear channel (high value of /channel)- 

2. A break out of a clear channel occurs (high value of /channel? an ^ tne current price 
clearly moves out of the boundaries of the recent channel) . 
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3. There is no channel present (low value of /channel)- In this case we differentiate 
between market states with a high value of the noise indicator /trad.freq. & n d those 
with a low trading frequency. 



These different market situations must be treated differently for the definition of a final 
5 gearing — each one of them leads to a different form of the weight function w. 

Before defining the specific strategy, we must set up rules to differentiate the 
different configurations of the market with respect to the channel indicator. In order to 
define a price to be "inside a channel" or in a "channel break," we must refer to a specific 
channel of the recent past. One way to do this is to choose the last computed channel 

10 without accounting for any other recent channel computed at a previous time. If we want 
to account for possible different relevant channels in the recent past, we must construct 
a "channel memory" in order to find the most significant channel of the recent channels. 
The "quality of a channel" at time t is measured by the indicator /channel For our 
model the rule for selection of the most relevant channel at a time t is as follows: 

15 Given the current indicator value /channel the- most significant channel /^f^neifO at the 
current time t is chosen as 

^lL e l(<)=ma X (/ c b h e a s Lel(ibefore)e W (42) 

where ^decay 1S a suitably- chosen decay constant. The channel boundaries of recent channels 
are extrapolated with the linear trend only, and not with the narrowing trend. 

20 The "inside a channel" as well as the "channel break" situation at time t is con- 

ditional to a considerable channel formation, characterized by a high value of ^^ ne \(t)- 
We choose a threshold tr c (which becomes an important parameter of the model), below 
which we do not consider the price to be in a channel. This parameter is also exposed to a 
certain "hysteresis" : it acquires a higher value if the recent market configuration has not 

25 been detected to be a channel, whereas it is lowered if the market has already been in a 
channel before. 

In order to detect a current price to be inside a channel state at time t, the following 
formal conditions have to be satisfied: 

( /chfLei (*) > tr c ) A (min ch - tol channei AP < x(t) < max ch + to\ channei AP) (43) 



56 



where the parameter "tol c h a nnei" defines a tolerance level that has to be exceeded before 
we detect an outbreak. 

The situation of a channel break differs from the "inside the channel" situation 
only insofar as the price moves outside the channel borders. In order to detect a channel 
5 outbreak at point t, the following formal conditions have to be satisfied: 

U&2L*(>)>tr c ) A (44) 

[ (x{t) - max c/l ) > tol ch annei AP V (~x(t) + min ch ) > tol chaime i AP ] 

Once the market is in a channel-break situation, it remains there as long as the main 
indicator z keeps its sign, irrespective of eq. 44. 

10 The situation of no channel presence in the market can be simply characterized by 

'chlnnelW < tt c (45) 

The noise indicator -ftrad.freq. is only considered in the no-channel situation: Channel (*) < 
tr c , eq. 45. Here, we differentiate between two cases for the definition of the market state 
function w: Itrad.freq. exceeds a threshold parameter tr n0 j Se or is lower than this threshold: 

15 1. Arad.freq. < tr no i se (46) 

2. ^fcrad.freq. ?t ^r no i se * (47) 

Being inside a channel can be a dangerous condition for a trend-following model 
(as well as a high value of Arad.freq.)* The model is likely to recommend frequent trans- 
actions mostly at the wrong time - just before the trend to be followed is turning. A 
20 price development inside a detected channel should not be followed. As a consequence, 
a preferred (sub) mo del does not give any trading recommendation in this case, in other 
words: 

w = 0 (48) 

There will be neither trend-following (w > 0) nor contrarian strategies (w < 0) in this 
25 case. The expression "contrarian" refers to the given time horizon. Evidently, the global 
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model can take a position "contrarian" to the raw gearing g z of a single time horizon, 
in the case that other horizons interpret the market differently. There is the possibility 
of adapting a very restricted trend- following strategy for the case that the price moves 
from a channel border with a main indicator indicating a trend towards the other side of 
5 the channel. This strategy component can be systematically tested independently. First 
tests did not yield a convincing improvement of the results, though, when this additional 
strategy is applied. 

A break of a channel configuration constitutes a substantial or sometimes even 
structural change in the market and should be specifically accounted for in the trading 
10 model. The price development occurs outside a former "market consensus" as formulated 
by eq. 44. The model should react quickly - old assumptions on certain turning point 
behavior inside the channel lose their validity. We distinguish between whether a break 
occurs in the same direction as the trend of the channel or against that trend. The latter 
case should be considered with more caution. We define the strategy function as follows: 

{1 if m g > 0 1 

} , Kc > 0 (49) 
(1 — k c ) otherwise J 

The final w is obtained by a modulation with a function F\ (distance, /^Snnei) depending 
on the distance of the price from the channel border and on the channel indicator value: 

w = w F x (distance, /^nnei) > 0 < Fi < 1 (50) 

When the distance from the channel is small, right after the break, F\ is also small, but 
20 it rapidly grows and saturates at a higher level with increasing distance from the channel. 
This saturation level is 1 for clear channels with high ^| nnel an ^ l° wer m case °f lower 

rbest 
channel* 

In case there is no channel present in the market (/^annei (*) < ^ Ic )' ^ ne no * se 

indicator /trad. freq. comes into play. The market state function is here defined as follows: 

{^trend if ^trad. freq. < tr no i se I /-..v 

) ( 51 ) 
0 otherwise J 

where 

Wtrend = C 2 F 2 (/channel) , 0 < F 2 < 1 , 0 < C 2 < 1 (52) 
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The parameters tr no i Se and C2 enter into the model. As before with the case of a channel- 
break, the final w is scaled with a function 0 < F 2 < 1, depending on the channel indicator, 
in order to give a smooth transition between channel and out-of-channel situations. 

It should be mentioned that the presented threshold values are all subject to a 
5 "hysteresis" modulation In other words, their value depends on the previous state of the 
market. This avoids random oscillation between different market states and makes them 
more inert. 

Each sub- model has a gearing recommendation g m resulting from eq. 29. A pre- 
ferred trading model algorithm integrates these gearing recommendations to produce one 
10 final gearing recommendation G. 

The set of sub-models and their horizons has to be chosen. A factor of about 2 
between neighboring sub- model horizons is preferably selected. The longest main indicator 
has a horizon of 32 days, its channel a length of a few months. We choose the shortest 
main indicator to have a horizon of 3 hours in ??-time (corresponding to an hour or less in 
15 physical time during the most active trading periods). However, a sub-model with a main 
indicator horizon of about 12 hours makes little sense as there is an empirically observable 
gap between genuine intra-day traders and traders with overnight positions. Altogether 8 
sub-models are preferably employed. 

The goal is to optimize the risk-corrected return ensuing from the gearing recom- 
20 mendations G. G is changing over time and can be seen as a time series. Noisy oscillations 
of G should be avoided as every move of G implies a transaction and thus transaction costs. 
Therefore, the formula for G should dampen the noise originating from the varying g m 
values of the many sub- mo dels. 

The following sub-model integration formula is chosen to produce gearing recom- 
25 mendations G: 

1 n 

Gm = c i 4. sr n „, Yl gm ^ ( 53 ) 

where n is the total number of sub-models (n = 8 in this embodiment). G m mainly reflects 
those sub-models with a clear view. Sub-models in a channel or sideways (noisy) market 
(where the value Itradjreq. is large) have w and thus g m values close to zero; they hardly 
30 contribute to G m - they are "switched off". The constant c is a scaling constant that 
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is chosen such that the following discretization can be performed with threshold values 
between —1 and 1. 

G m is a volatile quantity changing its value at every tick. It has to be converted to 
a discrete gearing value G with as few noisy oscillations as possible. The discrete gearing 
5 values are preferably either -1, — \ y 0, \ 7 1 ( short, half-short, neutral, half-long, long). A 
finer gearing scheme can be implemented in order to lower the risk and, in thin markets, 
to keep trade sizes small and avoid slippage. The following formula for G is related to the 
above 5-position scheme and can be easily adapted to other schemes: 



1 


if 


G m > 1 




max(|,G 0 id) 


if 


1 


> G m > 


71 


max(0, G 0 id) 


if 


71 


> G m > 


72 


Cold 


if 


72 


> G m < 


-72 


min(0, Gold) 


if 




72 > G m 


< - 


min(-|,G 0 i d ) 


if 




71 > G m 


< - 


-1 


if 




7o > G m 





10 where G 0 id IS the G value before computing the new G m . This formula acts like a hysteresis 
with a dampening effect (or a dragging anchor): G moves only if G m substantially deviates 
from the old value G*. The threshold values have the following relation: 

1 > 7i > 72 > 0 (55) 

Many parameters of the algorithm are "weak" parameters and are not subject 
15 to systematic parameter optimizations. They are chosen according to the logics of the 
algorithm and from separate studies, and then they are frozen. 

Only a few essential parameters such as the main threshold values are systemati- 
cally optimized. Limiting the overall number of parameters to be optimized decreases the 
danger of overfitting - fitting random features of the specific in-sample period rather than 
20 real market structures. The parameter values are as much as possible optimized for all 
time horizons and FX rates together; different treatments of these should follow from the 
adaptivity of the algorithm rather than from separately optimizing parameters. The most 
relevant parameters for optimization are: 

• the channel length AT c hannei (see eq. 39 ) 
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• thresholds for itrad.freq. ( see e Q- 46 ), /channel ( see e Q- 45 ), and the main indicator z 
(zqi see eq. 28 ) 

• the memory At tr ad.freq. ( see eq. 40 ) 

• the channel tolerance tol c hannei ( see e Q* 43 ) 

• the channel memory tdecay (see eq. 42 ). 

An important additional parameter is the scaling constant c in eq. 56. 

The full sample (the full time period with available raw data) is preferably divided 
into alternative pieces of a length of about 15 months: in-sample, out-of-sample, in-sample, 
out-of-sample, .... Only the in- sample periods are used for performance measurement 
during the whole optimization phase. 

After the in-sample optimization, the algorithm and its parameters are frozen. 
The out-of-sample test then measures the performance of the model in the out-of-sample 
periods - those that have not been tested yet. 

If some FX rates (or other financial instruments) have been left out in the in-sample 
optimization, their test in the full sample can also be considered as a valid out-of-sample 
test. 

It is to be expected that the model performance is not as good out-of-sample as 
in- sample. The out-of-sample performance is a much better (though not perfect) measure 
of the true performance in the future than the in-sample performance. 

While the subject invention has been particularly shown and described with ref- 
erence to preferred embodiments of the system and methods thereof, it will also be un- 
derstood by those of ordinary skill in the art that various changes, variations, and mod- 
ifications in form, details, and implementation may be made therein without departing 
from the spirit and scope of the invention as defined by the appended claims. For exam- 
ple, although the description of preferred embodiments has focused on a currency trading 
system, it will be apparent to those skilled in the art that the subject invention is also 
applicable to securities markets, options markets, and other markets. Also, because U.S. 
Provisional Application No. 60/274,174, filed March 8, 2001, has been incorporated herein 
in its entirety by reference, the trading models disclosed therein, in particular in Chapter 
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11 (pages 286-338), are part of this disclosure, and are intended to be encompassed by the 
appended claims. 
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FX rate 


Sample 


X 


X^teff 


D 


P/L 


USD/DEM 


in sample 


19.1% 


13.5% 


8.4% 


0.48 




out of sample 


26.9% 


19.0% 


7.6% 


0.41 




ex ante 


28.8% 


22.2% 


3.9% 


0.69 


USD/JPY 


in sample 


15.1% 


9.7% 


7.5% 


0.61 




out of sample 


13,4% 


8.7% 


8.2% 


0.70 




ex ante 


-0.2% 


-1.1% 


4.2% 


0.57 


GBP /USD 


in sample 


14.6% 


8.9% 


11.1% 


0.43 




out of sample 


20.9% 


14.9% 


7.5% 


0.46 




ex ante 


13.7% 


11.8% 


7.1% 


0.38 


USD/CHF 


in sample 


18.4% 


14.4% 


6.9% 


0.69 




out of sample 


12.5% 


6.2% 


12.0% 


0.51 




ex ante 


22.7% 


15.7% 


3.2% 


0.68 


USD/FRF 


in sample 


19.3% 


13.0% 


10.3% 


0.48 




out of sample 


17.4% 


12.4% 


6.3% 


0.48 




ex ante 


9.1% 


6.5% 


5.7% 


0.49 


USD/NLG 


in sample 


20.3% 


16.6% 


7.6% 


0.63 




out of sample 


19.6% 


11.1% 


8.4% 


0.53 




ex ante 


28.9% 


20.4% 


4.2% 


0.74 


USD/ITL 


in sample 


11.2% 


5.8% 


13.3% 


0.46 




out of sample 


20.2% 


14.9% 


6.4% 


0.47 




ex ante 


18.8% 


13.5% 


2.9% 


0.56 


Average 


in sample 


16.9% 


11.7% 


9.3% 


0.54 




out of sample 


18.7% 


12.5% 


8.1% 


0.51 




ex ante 


17.4% 


12.7% 


4.5% 


0.59 



Table 2: In-sample period (1.3.86 to 1.3.89 for USD/DEM, USD/JPY, GBP/USD and 
USD/CHF, and 1.12.86 to 12.3.89 for USD/NLG, USD /FRF and USD/ITL), the out- 
of-sample period (1.3.89 to 1.10.91 and 1.12.89 to 1.10.91, respectively) and the ex ante 
period (1.10.91 to 4.9.92). £3 



FX rate 


Model 


X 


X At eff 


D 


P/L 


USD /DEM 


MA(20) 

Preferred model 


8.8% 
21.9% 


3.3% 
H.l% 


14.3% 
7.7% 


0.37 
041 


USD/JPY 


MA(20) 

Preferred model 


-0.7% 
16.2% 


-7.1% 
12.1% 


39.9% 
8.2% 


0.16 
0.66 


GBP/USD 


MA(20) 

Preferred model 


8.7% 
17.7% 


4.3% 
114% 


9.3% 
10.9% 


0.45 

043 


USD/CHF 


MA(20) 

Preferred model 


7.9% 
17.7% 


1.1% 

10.7% 


18.9% 
13.0% 


0.35 


USD/NLG 


MA(20) 

Preferred model 


10.5% 
20.1% 


6.3% 
H-2% 


12.8% 


0.41 
0.57 


USD /FRF 


MA(20) 

Preferred model 


8.8% 

22.1% 


4.4% 
15.9% 


12.7% 


0.30 
049 


USD/ITL 


MA(20) 

Preferred model 


6.6% 
15.3% 


2.3% 
10.3% 


14.4% 
9.2% 


0.34 
046 



Table 3: Performance Comparisons with a 20 Day MA Model 
(between the preferred trading models and a more 
conventional 20-day moving-average model). The 
test was conducted from 3.3.86 to 1.10.91 (major 
rates) and from 3.12.86 to 1.10.91 (minor rates). The 
same performance indicators as in Table 2 are dis- 
played. 
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Preferred Trading Model 


Preferred Trading Model Portfolios 


Exchange 
rates 


Annualized 
return 


Maximum 
drawdown 


Drawdown 
period 


Annualized 
return 


Maximum 
drawdown 


Drawdown 
period 


USD/GBP 
USD/DEM 
USD/JPY 


17.61% 
23.06% 
14.19% 


11.07% 
8.36% 
8.24% 


95 days 
133 days 
21 days 


18.35% 


5.24% 


22 days 


USD /DEM 
USD/CHF 
USD/JPY 


23.06% 
15.77% 
14.19% 


8.36% 
12.00% 
8.24% 


133 days 
142 days 
21 days 


17.73% 


5.41% 


22 days 


USD/GBP 
USD/CHF 
USD/JPY 


17.61% 
15.77% 
14.19% 


11.07% 
12.00% 
8.24% 


95 days 
142 days 
21 days 


15.95% 


6.26% 


21 days 


USD/DEM 
USD/CHF 
USD /GBP 


23.06% 
15.77% 
17.61% 


8.36% 
12.00% 
11.07% 


133 days 
142 days 
95 days 


18.95% 


6.62% 


149 days 


USD/FRF 
USD/DEM 
USD/JPY 


18.51% 
23.06% 
14.19% 


10.28% 
8.36% 
8.24% 


129 days 
133 days 
21 days 


18.28% 


6.54% 


129 days 



Table 4: Performance Results of a Portfolio of Trading Models (portfolios of three preferred trad- 
ing models with a stable, equal distribution of capital among the three models over a 
test period from 3 March 1986 (1 December 1986) to 2 March 1992). 
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Stratesrv Selection Voting s- m x. ff x.„ x, ff X eff 

ouiauc^ Scheme Scheme S 0 ut usd-dem usd-jpy gbp-usd Mean 



FoTfowfng ©(&f[50],2) 2 0.4 1.46 1.61 0.22 1.10 



Contrarian 9(fxf[75],l) 1 0-3 2.66 6.93 5.16 4.91 



Hvhrid ©(fxf[50],2) 
Hybnd e(&ft75],l) 



1 0.15 3.00 9.20 1.69 4.63 



Mixed 6(&f[75],3) 1 0.2 1.28 11.81 0.20 4.43 



Model 40 1.80 -3.61 -18.35 -6.72 



Model 50 -1.21 -0.34 -10.33 -3.96 



Table 5: Results for the purely trend-following and purely contrarian models as well as for the mixed 
and hybrid models (constructed with one trend-fol Sowing and one contrarian sub-model acting 
synchronously at every hour) in the third in-sample band (to which the sub-models have not 
been exposed). Indicated in the table are the set high frequency parameters (including the 
selection scheme) in order to get the highest mean X e ff over the 3 rates studied so far. 
The individual performances for each rate that contribute to the mean are also included. (It 
should be noted that the best results for the individual rates are of course different). For 
comparison, the corresponding performance for other preferred models in the third in-sample 
band (24.12.92 to 22.06.94) are also presented. 
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Trend-Following Horizons using 6(fxf[50],2) 



Rate/Hour 


0 


1 


2 


3 


4 


5 


6 


7 


8 


9 


10 


11 


12 


13 


14 


15 


16 


17 


18 


19 


20 


21 


22 


23 


USD-DEM 


28 


28 


18 


28 


28 


18 


28 


28 


28 


28 


28 


28 


28 


28 


15 


15 


15 


18 


28 


28 


28 


28 


28 


28 


USD-JPY 


17 


17 


15 


15 


15 


15 


15 


15 


15 


15 


15 


15 


15 


15 


15 


15 


15 


15 


15 


15 


15 


15 


15 


16 


GBP-USD 


14 


14 


14 


14 


16 


16 


16 


16 


16 


15 


15 


15 


17 


14 


14 


14 


14 


14 


14 


14 


16 


16 


16 


16 



Table 6: Variation of trend-following sub-model horizons (in days) over the hours 
of the day using the selection scheme 0(fxf[5O],2) for the exchange rates 
studied. 



Contrarian Horizons using 0(fxf[75] ? 1) 



Rate/Hour 


0 


1 


2 


3 


4 


5 


6 


7 


8 


9 


10 


11 


12 


13 


14 


15 


16 


17 


18 


19 


20 


21 


22 


23 


USD-DEM 


4 


5 


4 


4 


4 


3 


7 


3 


3 


3 


3 


3 


7 


6 


7 


7 


7 


7 


7 


3 


3 


3 


3 


3 


USD-JPY 


4 


3 


3 


6 


6 


4 


4 


4 


4 


4 


4 


4 


4 


1 


5 


6 


6 


6 


6 


4 


6 


3 


3 


3 


GBP-USD 


3 


3 


7 


7 


7 


7 


3 


3 


3 


3 


3 


3 


3 


7 


14 


13 


4 


4 


3 


4 


4 


4 


6 


6 



Table 7: Variation of contrarian sub- model horizons (in days) over the hours of the 
day using the selection scheme 0(fxf[75] ? 1) for the exchange rates studied. 
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